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Abstract 

Tracking more than 100 billion weekly transactions of two million products at the barcode level 
from 2007 to 2017, we identify and categorize new products as pioneers, followers and improvers 
to study corporate exploratory and/or exploitative innovation strategies. Firms introducing 
“pioneer” products are associated with greater future profitability and stock returns than those 
introducing “improver” and “follower” products. Price elasticity of demand explains pioneering 
(exploratory) innovation’s operating success. Meanwhile, limited investor attention accounts for 
pioneering firms’ superior stock performance. We exploit two exogenous shocks to firms’ new 
product development decisions to address endogeneity concerns. 
 
JEL Classifications : G11, G14, L10, O31, O32 

Keywords: Innovation Processes, Management of Technological Innovation, Stock Returns, Market 

Efficiency, Firm Strategy and Market Performance 
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1. Introduction   

Innovation activity is the prime engine of long-run economic growth (Solow 1957) and 

original innovations can keep improving firm value for several years after they are generated (Hall, 

Jaffe and Trajtenberg 2005). However, researchers have found significant heterogeneity in 

innovation investments and thus cast doubt upon the degree to which existing measures can reflect 

firms’ innovation efforts (Reeb and Zhao 2019). Since the goal of corporate innovation is to 

introduce cutting-edge products, a measure derived on products and their sales can better assess 

overall innovation success. Using detailed retail transactions data that track each new product’s 

entry from 2007 to 2017, we investigate how and why innovation strategies differentially affect 

firm operating and stock performance.  

To gain competitive advantages, businesses either offer different products from rivals or 

improve certain aspects on existing products (Porter 1996). This is consistent with the notion that 

when designing a strategy for product innovation, firms generally choose exploration and/or 

exploitation2 (March 1991, Gao, Hsu and Li 2018). We follow this logic by categorizing firms into 

three types of new product innovators, including those that tend to lead the market by introducing 

pioneer products (pure exploration); those that follow the pioneering firms by offering products 

that are similar to existing products but in new business lines to the firm (exploration and 

exploitation), and those that offer new versions of existing products in the same business line as 

existing products (pure exploitation). To the best of our knowledge, this is the first paper that 

studies the heterogenous strategies of corporate innovation based on new product introduction 

decisions. 

 
2 According to March (1991), an exploratory innovation strategy is vertical innovation that virtually creates a new business segment, whereas an 
exploitative strategy learns from existing technology to make new products within the same business line. 
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Evaluating how innovation strategies affect firm performance is of interest, yet investing in 

a particular intangible asset is the result of a firm’s optimization problem (Argente, Baslandze, 

Moreira and Hanley 2019). As such, a single proxy is insufficient to represent the whole innovation 

process from idea generation to product manufacturing because, for example, some firms could 

use trade secrets to protect their manufacturing process while others apply for patents to defend 

their products (Reeb and Zhao 2019). By linking patent to product, Argente et al. (2019) show that 

firms use patents in protective or productive ways, depending on their size. They also find that 

non-patenting firms in fact offer many innovative new products. That there are various ways to 

measure innovation could plausibly explain the finding that assets with technical uncertainty in 

innovation are difficult to value and lead to underpricing or over-discounting3. This paper fills the 

void by focusing on new products that represent firms’ ultimate payoff for innovation efforts to 

evaluate corporate innovation. Indeed, by combining our sample with patent and trademark, Figure 

1 reveals that more than half of our sample firms do not apply for patents or trademarks.  

In innovation search literature, researchers using different patent-based proxies have found 

that exploratory or exploitative innovations all lead to superior performance. 4  Our paper’s 

categorization method aims to comprehensively investigate these strategies using a unified 

product-based measure. In Figure 2, we link the product-based innovation search strategies to 

traditional measures and profitability. Specifically, we divide sample firms into leaders and 

laggards5 by each strategy based on Hoberg and Phillips (2010, 2016) industry groups (“H&P 

industry” hereafter) and compare their return on equity (ROE), R&D investment, innovation 

efficiency, and trademark introduction rate.  

 
3 See Eberhart, Maxwell and Siddique (2004); Hall (1993), Chan, Lakonishok and Sougiannis (2001); Lev (2001), Hirshleifer, Hsu and Li (2013, 
2018) and Hsu, Li, Li, Teoh andTseng (2020) 
4 See, for example, Hirshleifer, Hsu and Li (2018) and Fitzgerald, Balsmeier, Fleming and Manso (2019) 
5 A firm is a leader (laggards) when its product innovation rate is above (below) its H&P industry average 
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A cross-sectional comparison among the three product strategies reveals that: (1) Compared 

to laggards, leaders invest less in R&D, yet they are more efficient in turning R&D into patents; 

(2) leaders in pioneer and improver products generate greater ROE than laggards; (3) leaders in 

pioneer and follower products introduce more new trademarks than laggards, which are 

understandable as they seek to introduce vertically new products (pioneers are vertical to the whole 

market, and followers vertical within itself). Interestingly, improver leaders apply fewer 

trademarks than laggards, which is probably because they tend to focus on innovating existing 

brands. A key conclusion drawn is that, first, not all innovatively efficient strategies will yield 

better ROE. Second, although improvers do not apply for many trademarks, they demonstrate 

superior profitability by optimizing existing product lines through innovation efficiency. 

Motivated by these patterns, we hypothesize that firms focusing on pioneer innovations tend 

to have higher future profitability due to launching radically new products that are highly 

exploratory, thereby making them industry leaders that retain monopolistic profits. Second, while 

follower products exploit other pioneer products, the associated firms are demonstrating 

exploratory innovation since the business segment is new to them. Given the monopoly of pioneer 

products by market leaders, firms introducing follower products have to find their own niche. 

Therefore, these firms need to spend significant amount of time and resources differentiating 

themselves from pioneers, which can harm their profitability. As such, the contribution to 

profitability by follower products is unclear. Last but not least, improver firms are exploiting their 

knowledge based on existing product portfolios to innovate similar products with improvements. 

Presumably, if firms want to improve an existing product, it must be a successful one. To make an 

improvement, firms collect customers’ feedback, either through questionnaire or data analysis of 



 
 

5 

product transactions. As such, firms focusing on improving products will solidify their product 

line’s popularity, thus leading to better future profitability.   

Our empirical results show that pioneer and improver products are associated with superior 

future profitability. For example, one-standard-deviation increase in the pioneer product 

introduction rate, which is the sales of pioneer products divided by those of total new products in 

a particular year, is associated with a 0.5% increase in the next year’s ROA that is slightly higher 

than that of the Innovation Originality (0.46%6), Patent based Innovation Efficiency (0.45%), but 

lower than Trademark (0.939%), which is a tercile variable instead of a continuous one. 

Meanwhile, improving product introduction rate is associated with a 1.2% increase in future ROE, 

while follower product introduction does not have any significant contribution to future 

profitability.  

We are cautious that innovation strategy is a choice by firms, thus subject to endogeneity 

concerns. Firms that have more liquidity should be able to take risk and afford the high research 

and development expenses that consequently generate new breakthrough innovations. To address 

these concerns, we first explore the exogenous variation of innovation activities induced by the 

staggered changes in state-level corporate tax rates that will reduce innovation activities in affected 

states (Mukherjee Singh and Žaldokas 2017). A set of difference-in-difference (DiD) experiments 

supports our findings. Second, motivated by the marketing literature on new product diffusion 

through word-of-mouth advertising (Horsky and Simon 1983), we identify an instrument, the local 

firm’s average advertising expense per new product, to use it in a two-stage-least-squares (2SLS) 

analysis. The empirical relation still holds when using the instrumented variable. 

 
6 Although we standardize the independent variable to make it directly comparable with the Innovation Originality (Hirshleifer et al.2018), readers 
should be cautious in interpreting the magnitude of coefficients because our sample is shorter and contains fewer firms than that used for Originality 
Measure. 
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Next, we propose elasticity of demand to explain firms’ innovation success. We find that 

pioneer products and firms manufacturing such products are consistently associated with lowest 

demand elasticity among their respective counterparts. For example, pioneer products are 

associated with 21% absolute value of price elasticity of demand, as compared to 24% and 27% 

for improvers and followers. This suggests that consumers tend to keep buying pioneer products 

despite their high prices, which explains why firms focusing on pioneer products gain superior 

operating performance. 

In the second part of this paper, we investigate if the stock market can incorporate different 

sets of information contained in product innovation strategies, especially for pioneer and improver 

products that can lead to better future profitability. Using portfolio analysis, we find that a strategy 

of purchasing the top 70th percentile of pioneer introduction rate and shorting the bottom 30th 

percentile consistently generates 0.61% monthly alpha from a Fama French 3 factor plus 

momentum, which is higher than the alpha generated from the same strategy based on the 

Innovation Originality (Hirshleifer et al. 2018) of 0.35%.7 On the other hand, a trading strategy 

involving improvers generates significant alphas only in traditional asset price models. However, 

they are correctly priced after controlling for an innovative efficiency factor (Hirshleifer, Hsu and 

Li 2013). This could be because traditional models still fail to fully understand improver products 

by some high-tech firms, which are exposed to specific innovation risk proxied by innovation 

efficiency.  

Further, we investigate whether the underpricing is due to unobserved risk factors or a 

behavioral-based investor inattention theory. Our first proxy for limited attention is advertising 

 
7 Although the alpha is greater than the Innovation Originality (Hirshleifer et al.2018), it should be interpreted with caution because they have a 
longer sample period (1982-2007) while mine is shorter (2008 to 2018). 
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expense, which is found to attract investor attention8. It is particularly relevant to this study because 

our focus is on products while advertising increases product exposure. If firms invested heavily on 

advertising their new products, especially ex ante, analysts would find them easier to value than 

those who tend to “surprise” the market by offering new products without notice. The second proxy 

is the number of patents. Since stock market is very responsive to patent approval (Kogan et al. 

2017), it should have little uncertainty to value the pioneer products associated with these 

breakthrough patents. On the other hand, if a firm does not apply for any patents related to a newly 

launched pioneer product, the market would not have any signal about this pioneer product, thus 

having uncertainty valuing it.  

We perform portfolio and predictability analyses in subsamples of high and low advertising 

firms as well as patenting and non-patenting firms. We find that the underpricing effect is stronger 

in firms that invest less in advertising and those that do not apply for any patents. This shows that 

without information released through advertising or patents, the market is even more uncertain to 

value pioneer products. We also tested if the superior stock performance of pioneer innovation is 

driven by unknown systematic risks – or that pioneer innovation is exposed to some state variables 

that represent risks associated with technological changes. We create risk factors9 to proxy for 

such risk and find that the risk premia are insignificant, indicating that the findings are unlikely to 

be driven by risk-based explanations.  

Our paper contributes to the literature in four ways. First, we document a novel channel of 

how and why corporate innovations differentially create value. Finance and economic researchers 

have shown a strong relation between innovative activities and firm performance and economic 

 
8 See Grullon, Kanatas and Weston (2004); Lou (2014) 
9 The factors are constructed by forming long-short hedging portfolio formed by longing top 30th and shorting bottom 70th of firms conducting 
pioneer/follower/improver product innovation 
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growth10 . Our paper decomposes the aggregate innovation activity and finds that pioneer or 

improver innovations are driving firm profitability due to low price elasticity of demand. On the 

other hand, followers are difficult to compete with pioneer peers to gain meaningful superior 

performance.  

Second, we advance the literature of valuation of innovation that identifies it as a premium 

or mispricing with different measures. Hsu (2009) finds that innovation as a priced risk that carries 

a premium in the cross-section. Conversely, the underpricing of innovation efficiency, originality 

and trademark is due to investor inattention. With product-level data, we confirm that the 

innovation premium is time-varying, that it is priced at the beginning stage and is mispriced (or 

correctly priced with more information transparency) at the product commercialization stage. 

Third, we contribute to the innovation search literature by employing a nuanced 

categorization method of corporate innovation to evaluate explorative and/or exploitative 

strategies while demonstrating how product innovations differentially affect industry 

competition11.  Extant research mainly categorizes exploratory v. exploitative innovation based on 

patent or trademark classes and scholars have found conflicting results using different measures. 

By leveraging product-market modules, our method evaluates explorative and exploitative 

innovations at a finer level based on market pioneer (exploratory), follower (exploitative and 

exploratory) and improver (purely exploitative). We show that firms should adopt either an 

exploratory or purely exploitative strategy as followers on average cannot compete with pioneers. 

Finally, we introduce a dataset that captures firms’ innovation activities at the product level. 

Researchers have called for more refined proxies because firms conduct different innovative 

 
10 See Aghion and Howitt (1990), Hsu, Tian and Xu (2014) 
11 See March (1991), Porter (2008, 1996) 
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efforts in different dimensions (Kerr and Nanda 2015, He and Tian 2018). On the one hand, new 

proxies are being developed based on traditional patent and citation measures12. On the other hand, 

a growing number of papers look at alternative sources, such as brand or trademark (Hsu et al. 

2020). This paper contributes to this debate by showing that the final products, supported by 

different innovation proxies, have different impacts on firm performance. 

This paper proceeds as follows: section 2 describes data, section 3 investigates product 

innovation strategies and firm future profitability, while section 4 examines stock market’s 

valuation on such strategies. Section 5 concludes the paper. 

2. Data Description, Product Innovation Measures and Summary Statistics 

2.1 Nielsen Retail Scanner Dataset  

We start with the Nielsen Retail Scanner Dataset (RSD) provided by the Kilts-Nielsen Data 

Center at the University of Chicago Booth School of Business. RSD is generated by the point-of-

sale systems from more than 90 participating retail chains with 40,000 unique stores across all 

U.S. markets (See Figure 3). Each store reports product selling prices and quantities per week by 

scanning the barcode of each product on Saturday of each week. The barcode is a 12-digit 

Universal Product Code (UPC), which represents the finest level of product identification because 

it is unique to every product and any change in product attributes will result in a new barcode.13 

Currently, RSD reports around 2.6 million UPCs’ weekly sales from 2006 to 2017 that 

consists of more than 100 billion transactions at the UPC-weekend-store level with a total of 2 

trillion in product sales. The participating stores are in grocery, drug, mass merchandise and others 

 
12For example, Trajtenberg (1990), Hall, Jaffe and Trajtenberg (2001, 2005), Hirshleifer et al .(2013, 2018), Kogan, Papanikolaou, Seru and 
Stoffman (2017) 
13 One possible concern is that a new UPC might not always represent a new product. However, Nielsen notes that if they detect a new UPC in this 

scenario, they would assign this to its prior UPC. 
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that take up to more than 50% of total sales volume of U.S. grocery and drug stores and more than 

30% of U.S. mass merchandiser sales volume.14  

2.2 GS1 U.S. Data Hub 

To connect firms with products, we link RSD to GS1 U.S. Data Hub (GS1) as GS1 is the 

only official source of UPCs and provides firm name of all UPC owners. If a firm wants to get 

UPCs for its products, it will contact GS1 to purchase a company prefix, which will be combined 

with the unique product number to form a 12-digit UPC code. The company prefix varies from 

five- to ten-digits to identify unique firms and their products. Intuitively, the digits of company 

prefix determine the maximum number of products a firm can launch because the total number of 

UPC digits is 12. From Figure 4, we see that if a firm purchases a nine-digit company prefix (right 

side), this firm can launch at most 100 products with 00 to 99 as the two digits product number. 

On the contrary, if a firm purchases a six-digit prefix, this firm can launch up to 100,000 products 

because six-digits as product number allows 10! possible combinations. Naturally, the nine-digit 

company prefix is cheaper to obtain than a six-digit prefix. 

Because GS1 links firm name to firm prefix, we connect firm prefix with UPCs from Nielsen 

to obtain the ultimate owner’s name of the UPCs. We perform all the matching at the parent level 

because some firms can own many firm prefixes through merger and acquisition. GS1 also further 

provides this firm’s address, city, state and zip code. 

2.3 Merge RSD/GS1 with CRSP/COMPUSTAT 

Next, we merge the combined RSD/GS1 to CRSP/COMPUSTAT to obtain firm financial 

and stock information. Because GS1 does not provide unique firm identifier such as Gvkey or 

 
14 Source : https://www.chicagobooth.edu/research/kilts/datasets/nielsen 
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Permno, we use fuzzy matching between firm name in GS1 and that in CRSP, with additional 

checks on address, state and zip code. After matching, we are able to identify 442 unique firms at 

the intersection of RSD/GS1/CRSP/COMPUSTAT from 2006 and 2017. In addition to the firm 

year level tests, we match the CRSP individual firm return data at monthly level and Compustat 

data at quarterly level in monthly return predictability tests.  

2.4 Identification and Categorization of New Products 

Following the economics literature (Argente et al. 2018, Broda and Weinstein 2010), a new 

product is defined as the first time a UPC has recorded sales in the RSD data in that particular 

week. However, the way to identify new products suffers from a truncation bias. Nielsen started 

collecting data for RSD in 2006 and the latest available sample year is 2017, with updating 

occurring every two years. The issue is that for products identified as new in 2006, they could be 

entering into the data in 2006 for the first time, or they could already be in the market but the data 

starts from 2006. To address this issue, we delete all data from 2006, and our final data set is from 

2007 and 2017.  

RSD organizes them into more than 1100 time-varying modules that belong to 125 groups 

that are further segmented into 10 departments. To model the heterogeneities in firm innovation 

and follow the exploratory and/or exploitative strategies, we identify all new products as (1) 

pioneer when its introduction was so new that RSD had to create a new module; (2) follower when 

the firm introduced it for the first time although there has already been pioneer products in related 

modules; (3) improver when it is an improvement to the focal firm’s existing product module.  

Appendix 2 shows a set of pioneer, follower and improver product examples. For pioneers, 

Nielsen added three new modules about electronic cigarettes to account for their mass-
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commercialization around 2013. We categorize all the products associated with these modules as 

pioneer products. For followers, Tyson Foods, a company primarily specializing in prepared 

meats, acquired the brand “Three Happy Cows” in 2014, announcing its entry into the yogurt 

market. We regard all these products as follower products. For improver products, Apple keeps 

introducing new version of iPhone and all of these versions are improver products. 

We calculate the total weekly sales of each product as (price/prmult) *units sold, in which 

“prmult” is a promotion variable, such as 3 for $1. Following standard economics literature (Broda 

and Weinstein 2010), we seasonally adjust the weekly sales by regressing it on monthly dummies 

to collect residuals. We then scale the total sales of pioneer/follower/improver products by the total 

new products sales by firm i in the same period t: 

#$%&''(/*%++%,'(/-./(%0'(#(%1234-&4(%1234$%&	674'",$

=
∑:7+';	%<	#$%&''(/*%++%,'(/-./(%0'(#(%1234;",$

=%47+>',#(%1234	:7+';",$
 

As the total number of new products is the sum of pioneer, follower, and improver products, 

these measures reflect a firm’s strategic focus in their product innovation toward exploration 

and/or exploitation. An avid reader might caution that the sales of these new products might be 

small percentage of the company’s total sales and thus should not create significant incremental 

value to a firm. To address this comment, we replace the total sales of new products in a 

denominator to total sales of a firm. The results remain intact.  

2.5 Samples Construction and Control Variables 

To ensure that our results are not driven by other innovation inputs, we control for two 

innovation-related variables, including innovation efficiency (Hirshleifer et al.2013) and 
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trademarks (Hsu et al.2020), in all the models except for portfolio tests. For trademarks, RSD 

provides brand information for each product. We calculate new brand introduction rate to proxy 

for the trademark application.15  In portfolio analysis, we control for patent-based innovation 

efficiency factor EMI1 in obtaining alphas.16  

First, we examine different product introductions’ impact on future profitability proxied by 

COP, ROA, and ROE. We control for common variables used in the literature that affect future 

profitability, including log-transformed market equity and firm age, as well as advertising expense, 

R&D expense, capital expenditure, and M/B ratio. The final dataset for regression has 338 firm 

and 2,096 firm and year observations. 

In the second part of the paper, we conduct portfolio and return predictability analyses. 

Because our sample size is limited, we sort firms into tercile portfolios based on three product 

introduction rates to avoid under-diversification. Next, we conduct monthly Fama-MacBeth 

predictive regression and control for common predictors related to innovation, including size, book 

to market ratio, momentum, patent scaled by assets, short-term return reversal, asset growth, 

capital expenditure scaled by assets, R&D to market value of equity, ROA, and a multi-segment 

firm dummy. The merged sample of return prediction has 347 firms with 24,308 firm months 

observations. 

2.6 Summary Statistics 

The general product introduction statistics are in Panel A of Table 1. On average, sample 

firms have 291 products and introduce 40 new products per year. Out of these new products, 4.4% 

 
15 Here, we assume that when a firm launches a brand, it has already applied for a trademark. This is reasonable as firms will benefit from legal 
protection from trademark application for their products (Bereskin et al.2020, Millot 2009) 
16We do not use citation-based innovative efficiency (EMI2) because the associated citation data ends in 2006 
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are pioneer products, while 3.5% are followers. The majority of new products are improvers. The 

reason the sum of the three rates is not one is because some firms do not have any new products 

for the entire year. For product information, the average product price is $15 while selling quantity 

is 11 at a given store in a certain week. Sample firms’ products on average obtain $5,632 sales per 

week.  

Next, we present means of firm characteristics in (1) the main sample, and (2) splitting the 

sample by pioneer, follower, and improver rates above or below the H&P industry average. We 

also calculate the differences of these three groups. We use bold font to indicate differences that 

are significant at the 5% level.  

On average, firms have 3% annual ROA. They have $17 billion in total assets and $14 billion 

in total sales, indicating that they are large firms. Their innovation efficiency is 15% and they 

apply for 63 patents on average in a particular year. Regarding the subsample analysis, generally 

firms with product innovations above the industry average have better profitability, lower market 

value of equity and lower sales than those below. Interestingly, these firms also have lower R&D 

expense, but better innovation efficiency and trademarks (except for improvers) than those below. 

This shows that although industry leaders are smaller than laggards, they are very efficient in 

innovating new products. 

3. How and Why do Product Innovations Differentially Affect Future Operating 

Performance? 

    In this section, we address the first part of our research question by investigating the impact 

of new product introductions on firm operating performance In Section 3.1, we run Fama-MacBeth 

annual cross-sectional regressions to predict next year COP, ROA and ROE. We address the 
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potential endogeneity issues in 3.2. In Section 3.3, we provide an economic channel between 

product innovation and future profitability through elasticity of demand. In all tables, we winsorize 

variables at the 1% and 99% levels and standardize all independent variables to have zero mean 

and one standard deviation, except for dummies, to avoid outliers and to simplify interpretation. 

3.1 How do product Innovations differentially affect Future Profitability? 

We first run Fama and MacBeth (1973) annual cross-sectional regressions of the next year’s 

operating profitability proxies on current product introduction for firm i at time t. The regress 

specification is as follows:17 

?@#,6@B	7&1	6@C",$%&=⍺+E&#$%&''(",$ + E'*%++%,'(",$ + E(-./(%0'(",$ +

G)H*,++∑ I,-&12;4(J,
-.
,/&  + K",$ 

where E&to	E(  measure the effects of pioneer/follower/improver product introduction rates on 

future operating performance. G) is a vector of coefficients for control set H*,+. We include industry 

dummies according to Fama and French (1997) 48 industries and I, represents the coefficients of 

these dummies. Furthermore, we repeat the three tests by comparing industry leaders in executing 

each strategy with industry laggards according to H&P industry classifications based on product 

similarities.  

In accounting for how exploratory and/or exploitative innovations affect profitability and 

industry competition, we examine firms’ manufacturing pioneer, follower and improving products 

individually and across H&P industry. We focus on firm operating performance using cash-based 

operating profit (COP), return on assets (ROA), and return on equity (ROE). According to Ball et 

 
17 We also scale pioneer/follower/improver by total product sales, as well as run the specification without industry dummies, the results remain the 
same. See Appendix 3. 
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al.(2016), cash-based operating profits outperform other profitability measures and predict the 

cross section of average returns. On the other hand, ROE and ROA incorporate broad information 

about a firm’s overall profitability. 

Because COP, ROA and ROE represent a firm’s profitability as a whole while a firm can 

have three kinds of product innovation activities at the same time, we include three product 

innovation rates together to reflect firm-level total innovation strategies that match firm-level 

profitability measures. We control for common variables described in section 2.5 and also include 

industry dummies based on Fama and French (1997) 48 industries. We use Newey-West (1986) 

autocorrelation adjusted heteroscedasticity robust t statistics to derive the significance of the 

coefficients. 

Table 2 shows how different innovation strategies affect firms’ future profitability. Models 

(1), (3) and (5) regress future COP, ROA and ROE on contemporaneous product introduction rates. 

The slope of the pioneer product introduction rate is significantly positive, controlling for the other 

two rates and other variables. Economically, one-standard-deviation increase in pioneer 

introduction rate is associated with 0.2% increase in COP (0.5% increase in ROA) next year. Given 

the COP (ROA) has a mean of 5% (3%), this is a 4% (13%) increase around the mean. At the same 

time, improvers are associated with 1.2% increase in future ROE.  

In Models (2), (4) and (6) of Table 2, we regress future profitability on a dummy that equals 

1 if the focal firm’s product introduction rates are above industry average defined by H&P. The 

slope thus compares industry leaders with laggards in different product introduction strategies. On 

average, firms leading the industry in introducing pioneer products are associated with 0.6% 

greater future COP than laggards. Meanwhile, improver product leaders on average have 0.5% 

higher future ROA than laggards. For follower products, industry leaders actually underperform 
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laggards by 1%. In sum, pioneers are consistently associated with better future profitability, 

improvers in some cases can improve performance, while followers generally don’t experience 

any improvement. We also replicate mean reversion and future volatilities models in Hirshleifer 

et al.2018 and get similar results, which are in Appendix 4. 

3.2 Endogeneity issues of product innovation strategies and future profitability  

The choice of a certain product innovation strategy is not random. For example, some large 

firms with ample liquidity tend to have strong cash flows that allow them to invest more in pioneer 

product innovation; thus pioneer product introductions are determined by inherent firm 

characteristics. On the other hand, some young entrepreneurial firms can launch pioneer products 

due to their ability to find favorable VC funding, while others may not find investors to finance 

such risky projects. In this case, a pioneer product is correlated with unobservable factors, such as 

VC taste or a founder or manager’s personal charisma.  

To address these endogeneity concerns, we first explore an exogenous variation in new 

product development and introduction caused by the staggered changes in state-level corporate tax 

rates. Heider and Ljungqvist (2015) first propose that state level tax changes have a first-order 

effect on capital structure. Mukherjee et al.(2017) find that firms reduced innovation and product 

introduction (from textual analysis of 10-K filings) following an increase in state-level corporate 

tax. Guided by their finding, we exclusively focus on states that raised taxes in our sample period. 

We identify six states that have increased taxes during our sample period.18 

Since a tax increase discourages corporate innovation activities, it presents an exogenous 

shock to the firms’ innovation strategies. Specifically, if the findings in 3.1 hold, the reduced 

 
18 The six states are: Maryland (2008), Michigan (2008, 2012), Connecticut (2004, 2012), North Carolina (2009), Oregon (2009) and Illinois (2011) 



 
 

18 

innovation activities will lead to a decrease in profitability of firms located in states with a tax 

increase. Importantly, this relationship is not affected by unobservable heterogeneities or 

individual firm decision because it is a state-wide variation in innovation activities caused by 

changes in corporate tax. 

We assign firms in treatment group if they are headquartered in one of the six states that 

experienced tax rise. Heider and Ljungqvist (2015) as well as Mukherjee et al.(2017) both note a 

problem about Compustat’s location data, which suffer from a flaw that Compustat only reports 

the address of a firm’s current principal executive office, rather than its historic headquarter 

location that is time-varying due to changes of headquarter states. They search the 10-K to extract 

historic headquarter data because the only available historic headquarter data is provided by CRSP 

that starts in 2007. Since our data exactly starts from 2007, we are able to use the CRSP location 

data to correctly identify headquarter states.  

We use a DiD specification, which first relies on an important parallel assumption that, 

without exogenous shocks there should be no difference in the outcome variable between the 

treatment and control groups. When the exogenous shock happens, the treatment group should 

experience significant changes in the outcome variable compared to the control group. In our 

setting, we expect the treatment firms underperform control firms in profitability only after the 

states raise the corporate income tax. 

We regress future profitability proxies on a dummy of treatment vs control, along with same 

control used on Table 2’s original models. We plot yearly coefficients in a [-2,2] window and their 

95% confidence interval. Figure 5 shows the parallel trends for COP, ROA and ROE. In the event 

year, the treatment firms significantly underperformed the control firms, indicating that only 
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treatment firms experienced this shock because other coefficients are insignificantly different from 

0. 

We then run the following Fama-MacBeth regression to conduct our DiD regression: 

N",$%& = ⍺ + E&=('74.'&4 ∗ B<4'(* #$%&''(	-&4(%1234$%&	674$%",$+ 

E'
)B++	-&4'(734$%&	='(.;",$+ G)H",$+ ∑ I,-&12;4(J,

-.
,/&  + K",$ 

where Y is future COP, ROA or ROE, E&  is the DiD coefficient that measures the difference 

between the treatment and control firms before and after the tax increase. E'
)  is a vector of 

coefficients that represent the interaction terms. G) is the coefficients of control vector H used in 

the main models. I	represents coefficients of industry dummies. t is annual and f represents one 

of 48 industries. Since the pioneer product introduction rate is the focus of this paper, we treat this 

variable as the endogenous variable.19 

Panel A of Table 3 shows the DiD result. In models (1)-(3), the DiD coefficients are negative 

and significant, indicating that the treatment firms on average have lower future operating 

profitability caused by a reduction in pioneer product innovation compared to control firms after 

their states increased corporate income tax.  

Second, we identify an instrumental variable that is associated with product innovation. The 

marketing literature has proposed that advertising of new products can inform other innovators of 

the existence and value of other firms’ new products through an innovation diffusion process 

(Horsky and Simon 1983). Presumably, if a firm has observed many new products’ advertisements, 

such as on billboards or social media, launched by other companies in the same city, it will feel 

 
19 We find similar results for the improver introduction rate. For brevity, we do not report these results. 
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pressured or inspired to introduce more products to blend with the local innovative culture. 

Empirically, we calculate average advertising expenditure per one new product20 of sample firms, 

except for the focal firm, located in each city. Importantly, we also exclude all the firms that share 

the same industry with the focal firm because these firms’ advertising and new products’ sales can 

correlate with focal firm’s profitability, thus violating exclusion condition. We use this measure to 

instrument the endogenous product introduction rate in a two stage least square analysis (2SLS). 

Panel B of Table 3 shows the 2SLS results. Model (1) is the first stage model in which we 

regress the pioneer product introduction rate on instrumental variable, advertising expenditure of 

other firms locating in the same city as the focal firm. The instrumental variable is positive and 

significant, indicating that the higher advertising expenditure by other firms, the more likely the 

focal firm to conduct pioneer product innovation, thus satisfying relevance conditions. The R2 of 

the first stage model is 33.1% while F statistics is 9.625, indicating the stability of the model. 

In models (2)-(4) we regress future profitability on the predicted or instrumented pioneer 

introduction rate, along with the same set of controls. For example, the coefficient of the 

instrumented pioneer rate is 0.001 or 0.1%, meaning that one-standard-deviation increase in the 

instrumented pioneer rate will increase future ROA by 0.1%. 

In sum, the DiD and 2SLS approaches alleviate the endogeneity concern that pioneer 

introduction rate is correlated with unobservable characteristics (omitted variables) or pioneer 

introduction rate is determined by the highly persistent profitability of growth firms (reverse 

causality). Notwithstanding, the endogeneity problem can never be fully addressed. We 

acknowledge the limitation with which available empirical tools can solve such problem. 

 
20 For all sample firms (excluding the focal firm and same-industry firms) located in the same city as the focal firm we divide average total 
advertising spending by average number of new products. 
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In addition, one might question if the way Nielsen assigns products into module is 

endogenous. The way that Nielsen determines modules is based on product characteristics, such 

as bottles, lotion or accessory.21 As such, it is unlikely that the construction of modules was 

correlated with firm-level characteristics, including size, sales or other unobservable factors.  

3.3 Why do Product Innovations Differentially Affect Future Profitability? 

Having shown the superior performance of pioneer and improver products as well as 

addressed the endogeneity concerns, we provide an economic channel through which product 

innovations affect profitability. With price and quantity sold data for each product, we derive the 

price elasticities of demand for pioneer, follower and improver as well as other existing products. 

The price elasticity of demand is the percent change of demand in response to one percent change 

in price. Intuitively, a product with low price elasticity of demand indicates its demand is inelastic 

to change in price. Furthermore, firms manufacturing such low elasticity of demand products 

should keep a high demand or sales with increase in their products’ prices, thus maintaining a high 

profitability. 

The economics literature documents a canonical double-log regression whose beta is the 

price elasticity of demand (Nicholson 1992). For each product i at week t, we run this pooled OLS 

regression at product-week level: 

P&(R27&4$4J	S'.7&1'1)",$+	= ⍺ + E& P&	(#($3')",$+ K",$ 

where E& is the price elasticity of demand.  

 
21 From discussions with the data vendor regarding module classification, classifications are by product type, and are unrelated to the firm. For 
example, the “Health and Beauty/Baby Needs” category contains subcategories such as bottles, accessories, and lotions, among other 
subcategories. These subcategories (are new subcategory classifications) are unrelated to the particular firm. 



 
 

22 

In addition, we design another specification that includes control variables to account for 

unobservable heterogeneities in firm characteristics that may covary with quantities sold and 

controls for time trend of new product introduction. These variables include product price standard 

deviation, quantity demanded standard deviation and total sales as well as firm age, beginning 

value of total asset, total sales as reported by Compustat and Herfindahl index based on the three-

digit SIC code. The specification is as follows:  

P&(R27&4$4J	S'.7&1'1)",$+	= ⍺ + E' P&	(#($3')",$+ E(
)?%&4(%+;",$+ G)H",$+  K",$ 

where E' is the price elasticity of demand, E( is a vector of coefficients of control variables and λ 

is a vector of coefficients of fixed effects X, including firm and year. We separately run this 

regression for pioneer, follower and improver products. 

Next, we first obtain the E&  from the canonical double log regression and assign it to 

corresponding product, thus aggregating it at the product-firm-year level. We regress all the 

products’ absolute value of price elasticity of demand on pioneer, follower and improver dummies 

with product and firm level controls. To properly track each firm’s product innovation strategies, 

we use multiplicative fixed effects of firm by year and industry by year in this specification: 

-&1$0$127+	/(%1234′;	7V;%2+24'	07+2'	%<	/($3'	'+7;4$3$4J	%<	1'.7&1",$ 	= ⍺ + I&0( 

#$%&''(/*%++%,'(/-./(%0'(	S2..$';",$+ I-)?%&4(%+;",$0&+ G)H",$0&+  K",$0& 

where I& to I(are coefficients of the three dummy variables. Because the universe of products 

includes pioneer, follower, improver and existing products, each dummy’s coefficient is a 

comparison of absolute value of price elasticity of demand between pioneer/follower/improver and 

existing products. 
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Last but not least, we aggregate all the individual product’s absolute value of price elasticity 

of demand into firm-year level by value weighting them by their respective annual sales. We then 

univariately compare firms with and without pioneer, follower and improver products as well as 

firms that are above the HP industry mean in terms of pioneer/follower/improver introduction. 

Table 4 presents the price elasticity of demand results. Panel Aa presents the canonical price 

elasticity of demand regression at product-weekend level. The pioneer, follower and improver 

products respectively have -21.3%, -26.8% and -23.8% raw price elasticity of demand. This means 

that for a pioneer product, its demand on average declines by 21.3% with one percent increase in 

its price as compared to 26.5% decline for follower and 23.8% for improver, making pioneer the 

most inelastic new product. Panel Ab shows the regression with controls and fixed effects. The 

raw price elasticities show the same pattern for three kinds of new products. 

Panel B shows the product-firm-year level regression of absolute value of each product on 

pioneer, follower and improver dummies with controls and firm by(and) year or industry by(and) 

year fixed effects. Because the pioneer, follower and improver are dummies compared to existing 

products, the coefficients are the difference. Economically, model (1) for example shows that, on 

average, a pioneer product’s absolute value of price elasticity of demand is 7.334% lower than that 

of an existing product, controlling for follower and improver product as well as other variables. 

For followers and improvers, they are 5.495% and 6.351% lower than existing products, thus 

making pioneers the lowest elasticity of demand among all products. This conclusion is robust to 

every firm’s pioneer products, every year’s pioneer products’ introduction, and every industry’s 

pioneer products as well as all the pioneers introduced by each firm in each year or each industry 

in every year. 
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Panel C presents the univariate compassion of firm level absolute value of elasticity of 

demand. We report the mean values of firms with or without each product categories as well as 

above or below HP industry average with Satterthwaite T statistics for the difference in mean. We 

find that only pioneer products show significant difference. For example, on average, pioneer 

firms’ aggregate absolute value of price elasticity of demand is 34% lower than non-pioneer firms. 

Further, industry leaders in pioneer introduction have 22% lower absolute value of price elasticity 

of demand than industry laggards.  

Taken together, these panels comprehensively analyze how price elasticity of demand 

explains product innovation success. We first document a fact that pioneer products are most price 

inelastic. Next, aggregating these absolute price elasticities of demand at product level, we find 

that pioneers still have lowest price elasticity of demand after controlling for various controls and 

most importantly this empirical finding is robust to firm by year or industry by year fixed effects. 

Furthermore, after aggregating all products into a firm level absolute value of price elasticity of 

demand, we find that pioneer firms are more price inelastic than non-pioneer firm, or industry 

leaders in pioneer have lower value than laggards. These findings show that pioneer products can 

help firms maintain a high quantity sold (demanded) with price increase, which translate into 

superior operating profitability. 

4. How and Why Do Product Innovations Affect Stock Performance? 

In this section, we test the second part of our research question on how product innovations 

differentially affect stock performance. In particular, we design our tests based on investor 

inattention literature in valuing intangible assets (Hirshleifer et al.2013, 2018, Hsu et al.2020). We 

first sort firms into portfolios based on three product introduction rates to test their alphas against 
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different risk models. Then We use contemporaneous product introduction rates to predict next 

month stock returns.  

4.1 Portfolio Analysis 

We run portfolio analysis to test product innovation and firm stock performance. Because of 

the limited sample size, we use tercile portfolios to avoid portfolio under-diversification. At the 

end of June of year 2008 to 2018, We sort firms into three portfolios based 30th and 70th percentiles 

of pioneer product introduction rate in July of year t-1. We repeat the same process for follower 

and improver and hold these portfolios for one year and calculate their average monthly excess 

returns based on beginning market value of equity. For each group of tercile portfolios, we form a 

long-short portfolio based on the differences of top 70 and bottom 30 portfolios. Next, we run 

time-series regressions of each portfolio’s excess returns on (1) Fama-French 3 Factors Plus 

Momentum; (2) Fama-French 3 Factors Plus Momentum, Profitability (RMW) and Investment 

(CMA). In addition, since the new product measures are related to firm innovation efforts, we 

control for Fama-French 3 Factors Plus Momentum and Patent Innovation Efficiency Factor 

(EMI1). We report all the portfolios’ excess returns and alphas.  

In Panel A, Table 5, we show the excess returns for three groups of tercile portfolios. The 

pioneer firms display a decreasing trend of excess returns from high to low portfolios. The long-

short portfolio has an excess monthly return of 0.58%, significant at 5% level. Follower and 

improver firms do not have any significant excess returns.  

In the right columns, we report long-short portfolios’ alphas against different risk models. 

Pioneer long-short portfolio consistently generates positive and significant alphas, ranging from 

0.58 to 0.61%. Interestingly, improving portfolio has weak alphas from Fama-French 3 factor 
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models plus momentum (0.48%) or investment and profitability (0.52%). However, when 

controlling for innovation efficiency factor EMI1, its significant alpha disappears. This could be 

because some improver products of high-tech firms cannot be fully explained by conventional 

asset pricing models. However, when adding a factor that is specifically correlated with corporate 

innovation efficiency, this underpricing disappears because highly innovative efficient firms tend 

to earn a good return from their improver products.  

In sum, we find that firms with more pioneer products tend to be underpriced relative to 

those introducing fewer pioneer products. This indicates that the stock markets will have difficulty 

processing the information of these ultra-new products. Follower products do not have any 

significant alphas, meaning that financial analysts can correctly value these products due to there 

being a precedent. Improver products are still associated with mispricing possibly due to high-tech 

firms in our sample as these mispricing disappears when adding the innovation efficiency factor 

that specifically controls for technological innovation efficiency. 

4.2 Return Predictability 

The portfolio analyses show that pioneer products are undervalued from all risk models, 

improver products show weak mispricing while follower products tend to be correctly priced. 

Next, we investigate if product innovations can predict the cross section of stock returns. 

To this end, we aggregate product information at monthly level to predict future monthly 

returns. However, since pioneer product introduction is a rare event, monthly pioneer product 

introduction variable is predominately populated by zeros, thus this variable’s explanatory power 

is significantly limited. To address this, we calculate a firm i’s sum of past 12 months’ total pioneer 
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products, follower products and improver products [-11,0] to create three product innovation 

variables to predict next month return in a rolling fashion: 

#7;4#$%&''(/*%++%,'(/-./(%0'(	-&4(%124$%&",$0&&→$

= W >2.ℎ'(	%<	#$%&''(/*%++%,'(/-./(%0'(	#(%1234;",$

$

$/0&&
 

Following the innovation literature, we include an extensive set of variables that are found 

to predict returns. We winsorize all variables at 1% and 99% and standardize all independent 

variables to have zero mean and one standard deviation to avoid the impact of outliers and make 

interpretation easy. We also include the industry dummies according to Fama and French (1997) 

48 industries and use Newey-West t statistics. We report the time-series average slopes in 

percentage. The Fama-MacBeth regression model is as follows: 

Y%&4ℎ+J6'42(&;",$%2=⍺+E&#7;4	#$%&''(	-&4(%1234$%&" +

E'#7;4	*%++%,'(	-&4(%1234$%&" + E(#7;4	-./(%0'(	-&4(%1234$%&" + G)H*,++∑ I, ∗
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,/&

-&12;4(J, + K",$ 

Panel B, Table 5, reports the return prediction results. Only past pioneer product introduction 

can significantly predict next month returns after controlling for other known predictors. 

Specifically, in model (1), one-standard-deviation increase in past pioneer introduction can 

increase next month return by 0.288%, significant at 1% level. Furthermore, models (2)-(4) show 

that the return predictive power tends to dissipate in three months.  

4.3 Why Are Firms Focusing on Pioneer Products Underpriced? 

4.3.1 Behavioral Explanation: Limited Investor Attention 
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The results so far suggest that firms introducing pioneer products are undervalued with 

positive alphas and exhibit strong return predictability. In this section, we examine if the 

underpricing is driven by limited investor attention theory (Hirshleifer and Teoh 2003, Hirshleifer, 

Lim and Teoh 2009). Researchers have found several firm characteristics and intangible assets that 

are hard to process by investors, including advertising expense, patents, R&D, analyst coverage 

and earnings surprise22. In our setting, if a firm introduces a pioneer product, analysts or investors 

have to value them. Since there are no historical examples of pricing or sales that helps understand 

this product, such products entail great valuation complexity and uncertainty. We choose 

advertising expenditure and patent applications23 proxy for the reduction in complexity of pioneer 

new products. The rationale for these two proxies is that (1) firms investing more to broadcast their 

new products are more likely to attract investors’ attention and make them easier to value because 

analysts can gather more information; (2) patent approval is usually a well-known event and 

markets can form a basic understanding about the focal firm’s innovation focus, helping them 

value future products associated with these patents. 

To test the investor inattention and valuation uncertainty using these two proxies, we 

perform double sorting and run return predictability in splitting samples. First, at the end of June 

of year 2008 to 2018, we sort sample firms into two groups based on (1) above and below the 

median of last year’s advertising expense and (2) if the sample firms have at least one patent and 

those having zero patent last year. Next, we sort each group’s firms into three portfolios based 30th 

and 70th percentiles. In addition to the six portfolios, we calculate a high-minus-low portfolio for 

each product introduction rate group.  

 
22 See Grullon, Kanatas and Weston 2004; Lou 2014, Aboody and Lev 2000, Chan, Lakonishok and Sougiannis 2001, Lev and Sougiannis 1996, 
Eberhart, Maxwell and Siddique 2004, Bereskin et al.2020, Fitzgerald, Balsmeier, Fleming and Manso 2019, Hirshleifer et al.2018 
23 We find qualitatively same results using analyst coverage and earnings surprise. The results are in appendix 5  
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In panel A, Table 6, we report results for advertising double sorting portfolio excess returns 

and alphas. In low advertising group, there is a decreasing trend in portfolio excess returns, 

although medium and bottom excess returns are not significant. The hedging portfolios have 

positive excess returns, and they exhibit positive alphas against all risk models, all significant at 

1% level. This indicates that firms investing little in advertising their pioneer products will lead to 

investor inattention and underpricing. For pioneer products in high advertising spending group, 

there are no significant excess returns and alphas, nor is there any trend in the excess returns.  

In Table 6, Panel B, we report patent double sorting portfolio results. In non-patenting firms’ 

group, the hedging portfolio has positive and significant excess return and alphas, indicating that 

financial markets are surprised by the firms introducing pioneer products without previous patent 

applications. On the contrary, in patenting firms’ group, there are no significant excess return and 

alphas, indicating that with previous patents application and approval, the market has fully 

incorporated their potential at the time of pioneer product introduction.  

Further, we perform Fama-MacBeth regression in the split subsamples. We regress next 

month returns on current product introduction measure that incorporate past 12-month total new 

products. In panel C, Table 6, we report advertising and patent subsample results. The pioneer 

introduction in firms with low advertising expense is driving the return predictability. One-

standard-deviation increase in such rate can lead to a 0.553% increase in next month’s return. For 

firms without patents, pioneer introduction rate can significantly predict next month returns 

0.377% per one-standard-deviation increase in such rate. 

Taken together, this section finds that firms introducing pioneer product tend to be 

undervalued with positive alphas and exhibit return predictability, indicating that stock markets 

have difficulty valuing these products’ potential. To understand why pioneer products are 
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undervalued, we split sample firms by advertising expense and patents. We find that valuation 

uncertainty is driving the mispricing. When firms have more information and transparency of their 

pioneer products from advertisement campaign or previous patent approval, stock markets tend to 

value these products correctly.  

4.3.2 Is Pioneer Product Innovation Priced? A Risk-based Test  

Although the evidence has favored the limited attention theory, we investigate a risk-based 

explanation in this section. It could be possible that the return predication of pioneer innovations 

is associated with some unknown investment-related technological change risk that is not captured 

by the common risk factors such as Fama French three factors, or investment and profitability 

factors as well as innovation factor. To this end, we perform two pass procedure in a Fama-

MacBeth cross-sectional regression framework. 

We first construct a pioneer factor, which is the long-short hedging portfolio formed by 

longing top 30th and shorting bottom 70th 24 of firms conducting pioneer product innovation. 

Follower and improver factors are constructed in a similar vein. We also add follower and improver 

factors, in addition to commonly known risk factors including market risk premium, size (SMB), 

value (HML), profitability (RMW) and investment (CMA) introduced in Fama and French (2015).  

For testing assets, we use 25 Fama-French (1993) size and book-to-market portfolios. To 

increase the dimensionality of the cross-section and address the concerns of Lewellen, Nagel and 

Shanken (2010), we add 10 industry portfolios. The selection of testing assets thus shows an 

economically important cross-section. In addition, in response to Jegadeesh et al.(2019) that 

portfolios might mask the risk-return characteristics based on individual stocks, we use the 

 
24 Following Hirshleifer et al.(2017), we sort firms into 30th and 70th percentile. We also tried decile portfolios and the results remain qualitatively 
the same. 
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universe of CRSP individual stocks as testing assets. Following Boguth and Kuehn (2013), we add 

market value of equity and book to market ratio in individual stock cross-sectional regressions. 

Table 7, panel A, reports two-pass FMB cross-sectional regression results. The coefficient 

of pioneer factor beta is the price of risk or known as lambda. There are no significant lambdas of 

pioneer factor in model (1), (3) and (5), indicating that the pioneer innovation rate is not priced in 

the cross-section with or without controlling for other known risk factors. In models (2), (4) and 

(6), we estimate the first and second pass without intercepts and the results remain insignificant. 

The individual stock results in panel B show qualitatively similar insignificant lambdas.  

Overall, this section finds that the risk-based explanation is unlikely to be the underlying 

mechanisms behind the return predication. Although all the evidence has pointed to a behavioral 

based story, we can’t completely rule out risk explanations. 

5. Conclusion 

In this paper, we study how and why firms’ explorative and/or exploitative innovation 

strategies differentially affect corporate operating and stock performance. We find that when firms 

focus on exploration over exploitation to introduce pioneer products, they can earn higher and 

persistent profitability. Concurrently, pursuing pure exploitation pays dividends too as improver 

products also lead to better performance. However, the innovation strategy emphasizing 

exploitation over exploration does not seem to pay off as follower products are unable to create 

value. We then provide an economic channel of why pioneer and improver outperform based on 

price elasticity of demand. For stock performance, investors are able to correctly price followers 

and most improver products, yet pioneer products are still undervalued. A further set of analyses 

confirms that the underpricing and return predictability is driven by limited attention.  
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Our paper has highlighted the benefits of original and pioneering product introduction. If 

firms are lacking such ideas, they should focus on improving their existing business lines, which 

can bring in steady profitability. 
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Figure 1: Coverage of Patent and/or Trademarks by the Sample Firms 
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Figure 2: Univariate Comparison of Three Product Innovation Strategies Between Industry Leaders and 

Laggards 
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Figure 3: RSD U.S. Market Penetration. Source: https://slideplayer.com/slide/5736272/ 
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Figure 4: Examples of GS1 Company Prefix and UPC code 

This figure shows two common UPC codes’ composition. One is applied by the firm with six digit firm 

prefix and other with nine digit firm prefix. Source: https://www.gs1-us.info/gs1-company-prefix/ 
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Figure 5: Parallel Trends for Difference in Difference Tests 

These graphs are generated by running a first difference regressions of outcome variables on a dummy 

indicating control or treatment, along with original controls. Treatment firms are headquartered in the 

states that have risen corporate tax while control firms are headquartered in the states that do not have a 

corporate tax increase. The coefficient is the dummy of treatment and control, indicating the difference of 

these two groups with regards to the outcome variable. We report the coefficients for five years around 

the state tax change event year [-2, 2], along with their 95 percent confidence intervals. X axis is event 

year and year 0 is when the states raised the corporate tax. Y axis is the outcome variable, including COP 

(t+1), ROA (t+1) and ROE (t+1). 
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Table 1: Summary Statistics 

This table shows two sets of summary statistics. Panel A shows the general product by firm-year 

characteristics. Panel B shows the firm-year means in general sample, and samples split by pioneer, 

follower and improvers. Within each new product group, we divide the sample into industry leaders 

(above H&P) and laggards (below H&P) and calculate the differences. We bold the difference if they are 

significant at or above 5% level. For brevity, we only report the main firm-year sample that convers  

 

Panel A: Product Characteristics  
Mean 

 
Std Dev p25 Median P75 

Number of Pioneer Products 0.36 1.63 0 0 0 

Number of Follower Products 0.23 0.99 0 0 0 

Number of Improver Products 39.47 137.61 0 2 19 

Total New Products 40.06 137.95 0 2 20 

Pioneer Product Introduction Rate 0.035 0.18 0 0 0 

Follower Product Introduction Rate 0.044 0.16 0 0 0 

Improver Product Introduction Rate 0.58 0.48 0 0.96 1 

Past 12 Month Pioneer Product Introduction Rate 0.019 0.065 0.000 0.000 0.023 

Past 12 Month Pioneer Product Introduction Rate 0.013 0.042 0.000 0.000 0.000 

Past 12 Month Pioneer Product Introduction Rate 0.562 0.280 0.000 0.760 1.000 

Total Products 290.56 895.95 3 21 138 

Firm Average Weekly Product Price (in dollars) 14.76 35.35 3.6 6.96 14.31 

Firm Average Weekly Product Quantities Sold 11.36 128.58 1.42 2.23 4.98 

Firm Average Weekly Product Sales (In dollars) 5652.34 11248.5 97.22 897.87 5525.89 
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Panel B: 
Firm Characteristics Based on 2,096 Firm-

Year Observations or 338 Unique Firms 

Sample 
Mean 

Sample 
Median Pioneer Means Follower Means Improver Means 

  Above H&P Below H&P Difference  Above H&P Below H&P Difference  Above H&P Below H&P Difference  

ROA 0.03 0.05 0.03 0.01 0.02 0.03 0.02 0.01 0.04 0.01 0.03 

ROE 0.079 0.12 0.11 -0.01 0.12 0.08 0.07 0.01 0.12 0.01 0.10 

Cash Based Operating Profitability (COP) 0.048 0.00 0.05 0.04 0.01 0.05 0.05 -0.01 0.05 0.05 0.00 

Market Value of Equity (ME) 19340.3 1823.53 17455.24 25379.36 -7924.12 17755.19 24853.27 -7098.08 19497.39 19065.74 431.65 

Firm Age 45.74 46.90 45.67 45.98 -0.32 45.90 45.20 0.70 47.34 42.95 4.39 

Advertising Expense/Total Assets 0.03 0.01 0.03 0.03 0.00 0.03 0.04 -0.01 0.03 0.04 0.00 

R&D Expense/Total Assets 0.039 0.01 0.03 0.06 -0.02 0.04 0.05 -0.02 0.03 0.06 -0.04 

Capital Expenditure / Total Assets 0.04 0.03 0.04 0.04 0.00 0.04 0.04 0.00 0.04 0.04 0.00 

Market to Book Ratio 4.04 2.59 3.97 4.26 -0.30 4.11 3.76 0.35 4.11 3.90 0.21 

Number of Patents 63.38 0.00 68.53 46.94 21.58 64.68 58.87 5.81 66.62 57.74 8.87 

Patent Based Innovation Efficiency (PIE) 0.15 0.00 0.18 0.07 0.12 0.18 0.08 0.10 0.17 0.13 0.05 

New Brand Introduction (New Trademark) 0.12 0.00 0.13 0.09 0.03 0.13 0.09 0.03 0.11 0.13 -0.02 

Size (In Million) 17399.4 1890.61 16992.20 18699.09 -1706.89 16216.64 21495.81 -5279.17 17923.32 16487.24 1436.08 

Sales 14489.35 2186.73 12087.22 22146.89 -10059.67 12199.74 22410.61 -10210.87 13838.24 15623.70 -1785.46 
 

 

 

 

 

 

 

 

 

 



 
 

43 

Table 2: Profitability Tests 
 
This table shows profitability tests for product innovation measures. We use Fama-MacBeth (1973) 
predictive regression of future Cash-Based Operating Profitability (COP), ROA and ROE on three product 
introduction rates in models (1), (3) and (5). We then regress these profitability measures on a dummy 
which equals 1 if the firm’s product innovation rate is above H&P industry mean in models (2), (4) and (6). 
In all models, we report average slopes and Newey-West (1987) autocorrelation-adjusted heteroscedastic 
robust standard errors in parentheses from annual Fama and MacBeth (1973) cross-sectional regressions. 
We include industry fixed effect in models (1), (3) and (5).  *, ** and *** indicate the significance levels 
of 10%, 5% and 1%, respectively.  
 

Future Operating Performance         
Dependent Variable COP (T+1) ROA (T+1) ROE (T+1) 

 (1) (2) (3) (4) (5) (6) 
Pioneer Product Introduction Rate (t) 0.002*  0.005**  0.011***  
 (0.011)  (0.002)  (0.002)  
Follower Product Introduction Rate (t) 0.014  0.003  -0.037  

 (0.009)  (0.006)  (0.039)  
Improver Product Introduction Rate (t) 0.004  0.000  0.012**  

 (0.004)  (0.001)  (0.014)  
Pioneer Product Introduction Rate above H&P Average (t)  0.006***  0.013**  0.125** 

  (0.002)  (0.006)  (0.055) 
Follower Product Introduction Rate above H&P Average (t)  0.001  -0.010*  -0.017 

  (0.002)  (0.004)  (0.035) 
Improver Product Introduction Rate above H&P Average (t)  -0.005  0.005*  0.040 

  (0.004)  (0.002)  (0.030) 
COP (t) 0.764*** 0.786***     
 (0.023) (0.039)     
ROA(t)   0.862*** 1.281***   
   (0.071) (0.067)   
ROE (t)     0.253** 0.318*** 

     (0.101) (0.061) 
Ln (ME) (t-1) 0.002** 0.001** 0.004*** 0.002*** 0.027*** 0.057*** 

 (0.001) (0.001) (0.001) (0.001) (0.006) (0.015) 
Ln (Firm Age) (t) -0.001 -0.004 0.005* 0.007* -0.030 0.067 

 (0.004) (0.003) (0.003) (0.004) (0.021) (0.042) 
Advertising Expenditure (t) -0.012 0.010 0.103** 0.131*** -0.438* -0.045 

 (0.021) (0.021) (0.038) (0.021) (0.218) (0.947) 
R&D Expenditure (t) 0.011 0.054 -0.039 -0.422*** -2.117*** -1.050 

 (0.077) (0.064) (0.125) (0.132) (0.647) (1.148) 
Capital Expenditure (t) -0.051 -0.064*** 0.150* 0.026 0.314 1.672* 

 (0.047) (0.019) (0.079) (0.043) (0.484) (0.866) 
Market to Book (t) 0.002** 0.001 -0.000 -0.002 0.022*** -0.049 

 (0.001) (0.001) (0.001) (0.001) (0.004) (0.058) 
Patent Based Innovation Efficiency  0.009 0.005* -0.008*** 0.151 -0.007 -0.018 

 (0.006) (0.003) (0.002) (0.135) (0.016) (0.014) 
New Trademark Introduction  0.004 -0.002 -0.031*** -0.025* 0.058 0.004 

 (0.004) (0.004) (0.007) (0.011) (0.050) (0.041) 
Constant 0.020 0.010 -0.047** -0.064*** -0.146 -0.661** 

 (0.016) (0.006) (0.016) (0.017) (0.204) (0.209)        
Observations 2,096 2,096 2,096 2,096 2,096 2,096 
R-squared 0.699 0.733 0.840 0.747 0.655 0.572 
F statistics 29.597 35.119 12.972 79.108 2.593 7.970 
NW Robust Standard Errors Y Y Y Y Y Y 
Industry Dummies Y N Y N Y N 
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Table 3: Identification Tests 
 
This table shows two methods to address endogeneity concerns. Panel A is a quasi-natural experiment in 
Difference in Difference setting. We regress future COP, ROA and ROE on pioneer rate interacting with 
treatment and after, as well as all the terms supporting the interaction terms and control variables. In all 
models, we report average slopes and Newey-West (1987) autocorrelation-adjusted heteroscedastic robust 
standard errors in parentheses from annual Fama and MacBeth (1973) cross-sectional regressions. We 
include industry dummies in each regression. Panel B shows two stage least square analysis. Model (1) is 
the first stage in which we regress endogenous variable, pioneer product introduction rate, on instrumental 
variable, local average advertising spending. Models (2), (3) and (4) are future COP, ROA and ROE models 
using instrumented pioneer product introduction rate. We use firm and year fixed effects and report Stock-
Yogo statistics F value. Controls are similar to those in Table 3). *, ** and *** indicate the significance 
levels of 10%, 5% and 1%, respectively.  
 
Panel A: Difference in Difference     
Dependent Variables COP(t+1) ROA (T+1) ROE (T+1) 
  (1) (2) (3) 
Pioneer Rate* Treatment * After -0.043** -0.002* -0.077** 

 (0.019) (0.001) (0.030) 
Pioneer Rate* Treatment 0.051 -0.325** -2.480*** 

 (0.037) (0.120) (0.729) 
Pioneer Rate* After -0.012 0.161 9.020 

 (0.010) (0.100) (8.366) 
Treatment * After 0.006 -0.007 -0.201* 

 (0.006) (0.008) (0.095) 
Treatment -0.006 -0.003 0.126 

 (0.003) (0.002) (0.092) 
After 0.000 0.000 0.000 

 (0.000) (0.000) (0.000) 
Pioneer Product Introduction Rate (t) -0.001 0.012 -0.037 

 (0.004) (0.015) (0.106) 
Follower Product Introduction Rate (t) 0.001 -0.007 0.143 

 (0.009) (0.024) (0.147) 
Improver Product Introduction Rate (t) 0.003 0.001 0.108 

 (0.004) (0.003) (0.073) 
COP(t) 0.640***   

 (0.047)   
ROA (t)  0.756***  

  (0.037)  
ROE(t)   0.173** 

   (0.071) 
Ln(ME) (t-1) 0.002*** 0.007** 0.050* 

 (0.000) (0.002) (0.028) 
Ln(Firm Age) (t) -0.008*** -0.000 -0.169 

 (0.002) (0.003) (0.117) 
Advertising Expenditure (t) 0.014 0.004 -0.675 

 (0.031) (0.036) (0.546) 
R&D Expenditure (t) 0.063 -1.003*** -4.154** 

 (0.076) (0.102) (1.375) 
Capital Expenditure (t) -0.039 0.317** 0.332 

 (0.032) (0.127) (0.788) 
Market to Book (t) 0.001 -0.000 0.010 

 (0.001) (0.002) (0.061) 
Patent Based Innovation Efficiency  0.143 0.285 3.548** 

 (0.084) (0.205) (1.185) 
New Brand Introduction (Trademark) -0.000 -0.027* -0.310 

 (0.004) (0.014) (0.231) 
Constant 0.043 -0.017 0.347 

 (0.029) (0.022) (0.605)     
Observations 2,054 2,054 2,054 
R-squared 0.702 0.638 0.511 
F statistics 5.134 10.131 1.719 
NW Robust Standard Errors Y Y Y 
Industry Dummies Y Y Y 
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Panel B: 2SLS First Stage Second Stage 
Dependent Variables Pioneer Product Introduction Rate (t) COP (T+1) ROA (T+1) ROE (T+1) 
  (1) (2) (3) (4) 
Pioneer Product Introduction Rate (t)  0.018** 0.001** 0.024*** 

  (0.007) (0.000) (0.007) 
Local Average Advertising Spending 0.012**    

 (0.006)    
COP(t) -0.124*** 0.066***   

 (0.047) (0.002)   
ROA (t)   0.822***  

   (0.021)  
ROE(t)    0.010*** 

    (0.003) 
Ln(ME) (t-1) -0.000 0.000*** -0.005 0.005*** 

 (0.003) (0.000) (0.005) (0.001) 
Ln(Firm Age) (t) -0.017 -0.000 0.000 -0.005 

 (0.012) (0.000) (0.000) (0.003) 
Advertising Expenditure (t) 0.188 -0.003 0.272*** 0.008 

 (0.116) (0.004) (0.056) (0.032) 
R&D Expenditure (t) -0.342*** 0.002 -0.515*** -0.259*** 

 (0.122) (0.002) (0.059) (0.021) 
Capital Expenditure (t) -0.054 -0.009 0.139 0.079 

 (0.195) (0.006) (0.094) (0.055) 
Market to Book (t) 0.000 0.000 0.000 0.001*** 

 (0.000) (0.000) (0.000) (0.000) 
Patent Based Innovation Efficiency  -0.000 -0.005 0.001 0.001 

 (0.011) (0.011) (0.005) (0.003) 
New Brand Introduction (Trademark) 0.349*** -0.003* -0.042*** 0.005 

 (0.020) (0.001) (0.013) (0.013) 
Constant 0.050 -0.001 0.003 -0.020 

 (0.067) (0.002) (0.027) (0.019)      
Observations 1,206 1,206 1,206 1,206 
R-squared 0.331 0.554 0.775 0.421 
F statistics 9.625 32.591 14.661 14.108 
Industry and Year Fixed Effects Y Y Y Y 
Stock-Yogo F Statistics N/A 14.576 8.429 7.055 
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Table 4: Elasticity of Demand Tests 

In this table, we present elasticity of demand tests. Panel Aa presents the pooled OLS regression that 
calculates the elasticity of demand in this specification: Ln (Demand) = β*Ln (Price) + ⍺ where the β is 
the original price elasticity of demand. In Panel Ab, we control for more variables at both product level 
and firm level. We also use firm and year fixed effects. In Panel B, we first run Ln (Demand) = β*Ln 
(Price) + ⍺	for each product and collect β. Next, we value weight the βs of all products by sales at firm 
level to generate a firm-level aggregated elasticity of demand measure. For interpretation convenience, 
we present the absolute values. In Panel C, we regress all the βs of all products on pioneer, follower and 
improver dummies to allow for more controls and fixed effects, including firm and(by) year as well as 
industry and(by) year. 

Panel Aa: Pooled OLS Regression, Product-Weekend Level   
Dependent Variable Ln (Quantity Demanded Each Weekend) 

 
Pioneer 
Products 

Follower 
Products 

Improver 
Products 

Ln (Price) -0.213*** -0.268*** -0.238*** 
 (0.003) (0.001) (0.000) 

Constant 1.015*** 1.058*** 1.081*** 
 (0.005) (0.002) (0.000) 
    

Observations 50,111 242,699 10,442,465 
R-squared 0.106 0.148 0.117 
Panel Ab: Regression with Controls and Fixed Effects, Product-
Weekend Level  
Dependent Variable Ln (Quantity Demanded Each Weekend) 

  
Pioneer 
Products 

Follower 
Products 

Improver 
Products 

Ln (Price) -0.165*** -0.234*** -0.185*** 
 (0.003) (0.001) (0.000) 

Price Std -0.000 -0.012*** -0.004*** 
 (0.001) (0.001) (0.000) 

Ln (Product Annual Sales) 0.163*** 0.176*** 0.204*** 
 (0.006) (0.002) (0.000) 

Quantity Demanded Std 0.014*** 0.002*** 0.023*** 
 (0.000) (0.000) (0.000) 

Firm Level Industry Competition -0.480*** -0.009 0.007*** 
 (0.021) (0.009) (0.001) 

Ln (Firm Age) 0.004*** -0.001*** 0.002*** 
 (0.000) (0.000) (0.000) 

Ln (Total Asset) -0.076*** -0.020*** -0.007*** 
 (0.005) (0.002) (0.000) 

Ln (Firm Total Sale) 0.065*** 0.016*** 0.030*** 
 (0.005) (0.002) (0.000) 

Constant 0.914*** 1.119*** 0.588*** 
 (0.016) (0.006) (0.001) 
    

Year Fixed Effect Y Y Y 
Firm fixed effect Y Y Y 
Observations 50,866 244,167 10,209,194 
R-squared 0.277 0.191 0.353 
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Panel B: Regression Analysis, Product-Firm-Year 
Level         
Dependent Variable Absolute Value of Price Elasticity of Demand (%) of Each Product 

     
Pioneer Dummy -7.334*** -6.945*** -6.692*** -6.941*** 

 (2.372) (2.434) (2.342) (2.403) 
Follower Dummy -5.495*** -5.585*** -5.221*** -5.592*** 

 (1.097) (1.109) (1.070) (1.081) 
Improver Dummy -6.351*** -6.730*** -6.041*** -6.417*** 

 (0.257) (0.261) (0.257) (0.260) 
Quantity Demanded Std -0.636*** -0.695*** -0.703*** -0.760*** 

 (0.013) (0.014) (0.013) (0.014) 
Ln (Product Annual Sales) -2.893*** -2.863*** -2.984*** -2.945*** 

 (0.042) (0.042) (0.042) (0.042) 
Firm Level Industry Competition -1.101  1.928 -37.072*** 

 (2.162)  (2.030) (9.019) 
Ln (Firm Age) -14.663***  -9.099*** -9.361*** 

 (1.647)  (0.360) (0.386) 
Ln (Total Asset) -1.970***  0.718* 1.558*** 

 (0.756)  (0.418) (0.536) 
Ln (Firm Total Sale) 0.972  -1.676*** -2.469*** 

 (0.860)  (0.467) (0.586) 
Constant 35.644*** -29.710*** 14.295*** 24.203*** 

 (7.014) (0.482) (1.364) (2.509) 
     

Observations 521,225 521,225 521,225 521,225 
R-squared 0.115 0.124 0.106 0.112 

Fixed Effects 
Firm and 

Year Firm by Year 
Industry and 

Year Industry by Year 
     

Panel C: Univariate Analysis, Firm-Year Level  Absolute Value of Price Elasticity of Demand (%) of Each Firm 

 Yes No Difference 
Satterthwaite T 

Statistics 
Pioneer Firms 26% 59% -34% -2.21 
Follower Firms 24% 55% -31% -1.25 
Improver Firms 58% 42% 16% 1.27 
Pioneer Above HP Industry Average 46% 68% -22% -1.83 
Follower Above HP Industry Average 53% 44% 10% 0.72 
Improver Above HP Industry Average 54% 46% 9% 0.79 
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Table 5: Portfolio Analysis and Return Predictability 
 
In Panel A, we report portfolio excess returns and alphas. At the end of June of year 2008 to 2018, We sort 
firms into three portfolios based 30th and 70th percentiles of pioneer product introduction rate in July of year 
t-1. We repeat the same process for follower and improver and hold these portfolios for one year and 
calculate their average monthly excess returns based on beginning market value of equity. For each group 
of tercile portfolios, we form a long-short portfolio based on the differences of top 70 and bottom 30 
portfolios. Next, we run time-series regressions of each portfolio’s excess returns on (1) Fama-French 3 
Factors Plus Momentum; (2) Fama-French 3 Factors Plus Momentum, Profitability (RMW) and Investment 
(CMA). In addition, since the new product measures are related to firm innovation efforts, we control for 
Fama-French 3 Factors Plus Momentum and Patent Innovation Efficiency Factor (EMI1). In Panel B, we 
regress next month’s return on contemporaneous product introduction that incorporates past 12 months total 
product introduction activities. We report average slopes (in %) and standard errors from monthly Fama 
and MacBeth cross-sectional regressions. Industry dummies are included in each model but not reported to 
save space.   ***, **, and * present 1%, 5%, and 10% significance level, respectively. 
 
Panel A: Portfolio Analyses Portfolio Excess Returns Alphas from Different Risk Models 
  4F 4F+RMW+CMA 4F+EMI1 
Pioneer Firms     
Top 30% 1.021*** 0.405* 0.187 0.403* 

 (0.330) (0.209) (0.200) (0.212) 
Medium 40% 1.124*** 0.351*** 0.277** 0.403*** 

 (0.336) (0.119) (0.118) (0.116) 
Bottom 30% 0.409 -0.247 -0.431* -0.227 

 (0.349) (0.234) (0.233) (0.236) 
High-Low 0.576** 0.614** 0.581** 0.591** 

 (0.251) (0.260) (0.269) (0.263) 
Follower Firms     
Top 30% 0.983*** 0.443* 0.277 0.499** 

 (0.332) (0.228) (0.224) (0.228) 
Medium 40% 1.026*** 0.245** 0.129 0.277** 

 (0.335) (0.118) (0.112) (0.118) 
Bottom 30% 0.599 0.020 -0.227 0.022 

 (0.365) (0.278) (0.274) (0.282) 
High-Low 0.347 0.385 0.466 0.437 

 (0.324) (0.333) (0.341) (0.336) 
Improver Firms     
Top 30% 0.992*** 0.404** 0.231 0.424** 

 (0.312) (0.187) (0.183) (0.194) 
Medium  1.094*** 0.308** 0.204* 0.222* 

 (0.341) (0.127) (0.120) (0.128) 
Bottom 30% 0.558 -0.116 -0.323 0.002 

 (0.356) (0.235) (0.231) (0.240) 
High-Low 0.397 0.483* 0.516* 0.383 

 (0.254) (0.261) (0.269) (0.268) 
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Panel B: Return Prediction     
Dependent Variable Next Month Return M+2 M+3 M+4 
  (1) (2) (3) (4) 
Past Pioneer Introduction 0.288*** 0.185** 0.160* 0.125 

 (0.098) (0.093) (0.093) (0.093) 
Past Follower Introduction 0.048 0.022 0.015 -0.005 

 (0.108) (0.105) (0.101) (0.107) 
Past Improver Introduction -0.022 -0.071 -0.117 -0.042 

 (0.166) (0.150) (0.145) (0.127) 
Ln (Total Products) -0.053 -0.020 -0.006 -0.045 

 (0.073) (0.074) (0.071) (0.066) 
Size -0.092 -0.117* -0.111* -0.119** 

 (0.064) (0.061) (0.059) (0.059) 
Book to Market -0.055** -0.055** -0.085** -0.051* 

 (0.021) (0.025) (0.039) (0.028) 
Momentum  -5.670 -12.696** -14.687** -9.908* 

 (5.603) (5.071) (6.269) (5.411) 
Patents/Assets -11.341* -14.073* -12.367* -13.894* 

 (6.599) (7.167) (6.333) (7.721) 
Short-Term Return Reversal -3.153*** 1.068 -1.408 -2.952** 

 (1.022) (1.061) (1.456) (1.468) 
Asset Growth 2.665*** 2.410*** 2.243*** 1.910*** 

 (0.583) (0.547) (0.543) (0.469) 
Capx/Assets -4.344 -4.236 -3.873 -4.715 

 (3.177) (3.322) (3.204) (3.243) 
R&D/Market Equity 0.245* 0.244* 0.200 0.085 

 (0.138) (0.134) (0.132) (0.123) 
ROA 4.060*** 3.793*** 3.783*** 3.596*** 

 (0.796) (0.862) (1.002) (0.992) 
Multi-Segment Firm -0.030 -0.022 0.055 0.090 

 (0.167) (0.170) (0.163) (0.149) 
Patent Based Innovation Efficiency  0.136 0.102 -0.106 0.307 

 (0.319) (0.309) (0.211) (0.381) 
New Trademark Introduction  -1.133** -0.725 -1.141** -0.805 

 (0.535) (0.508) (0.505) (0.556) 
Constant 1.586* 1.902** 1.958** 1.994** 

 (0.827) (0.846) (0.882) (0.828)      
Observations 24,038 24,026 24,010 23,987 
R-squared 0.280 0.276 0.280 0.275 
F statistics 2.872 2.325 2.190 1.971 
NW Robust Standard Errors Y Y Y Y 
Industry Dummies Y Y Y Y 



 
 

50 

Table 6: Portfolio Analysis and Return Predictability in Split Samples 

This table reports double-sorting portfolio and return predictability in split sample analyses. In Panel A, at the end of June of year 2008 to 2018, we 
sort sample firms into high and low Ad spending groups based on the median of last year’s advertising expense. Then, for every product introduction 
rate, we sort each group’s firms into three portfolios based 30th and 70th percentiles, resulting in six portfolios for each rate. In addition, we calculate 
a high-minus-low portfolio. In Panel B, we repeat same process by sorting sample firms into two groups based on whether there they have at least 
one patent approved last year. In Panel C, we report average slopes (in %) and standard errors from monthly Fama and MacBeth cross-sectional 
predictive regressions in two subsamples split by advertising expense and patents. Controls are similar to those in Table 6 Panel B. ***, **, and * 
present 1%, 5%, and 10% significance level, respectively.  

 

Panel A: Portfolio Analysis: Ad Spending                   
Low Ad Spending Group  Excess Return Alphas High Ad Spending Group  Panel B: Alphas 

  4F 4F+RMW+CMA 4F+EMI1   4F 4F+RMW+CMA 4F+EMI1 
Pioneer Firms     Pioneer Firms     
Top 30% 1.281*** 0.688* 0.443 0.689* Top 30% 0.818** 0.337 0.082 0.365 

 (0.432) (0.356) (0.358) (0.360)  (0.331) (0.248) (0.239) (0.250) 
Medium 40% 0.475 -0.397** -0.408** -0.384** Medium 40% 0.995** 0.233 0.161 0.221 

 (0.396) (0.182) (0.188) (0.183)  (0.406) (0.276) (0.286) (0.279) 
Bottom 30% 0.158 -0.612** -0.782** -0.614** Bottom 30% 0.753** 0.190 -0.061 0.245 

 (0.430) (0.306) (0.311) (0.310)  (0.338) (0.257) (0.250) (0.257) 
High-Low 1.123*** 1.300*** 1.225*** 1.303*** High-Low 0.065 0.147 0.143 0.120 

 (0.427) (0.433) (0.448) (0.438)  (0.285) (0.291) (0.301) (0.293)           
Panel B: Portfolio Analysis: PATENT                   
Non-Patenting Firms  Excess Return Alphas Patenting Firms  Excess Return Alphas 

  4F 4F+RMW+CMA 4F+EMI1   4F 4F+RMW+CMA 4F+EMI1 
Pioneer Firms     Pioneer Firms     
Top 30% 1.448** 0.997* 0.782 0.786 Top 30% 0.788** 0.331 0.160 0.366 

 (0.601) (0.579) (0.596) (0.570)  (0.370) (0.301) (0.304) (0.303) 
Medium 40% 0.290 -0.524 -0.656 -0.679 Medium 40% 1.034*** 0.248** 0.136 0.284** 

 (0.560) (0.458) (0.473) (0.453)  (0.339) (0.125) (0.120) (0.124) 
Bottom 30% 1.308*** 0.602* 0.370 0.671* Bottom 30% 0.799** 0.247 -0.030 0.287 

 (0.446) (0.356) (0.359) (0.358)  (0.365) (0.281) (0.272) (0.282) 
High-Low 1.158* 1.521** 1.438** 1.465** High-Low -0.010 0.084 0.190 0.079 

 (0.673) (0.674) (0.699) (0.682)  (0.396) (0.403) (0.413) (0.407) 
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Panel C: Return Prediction     
Dependent Variable Next Month Return% 

  
High Ad 
Spending Low Ad Spending 

Patenting 
Firms Non-Patenting Firms 

     
Past 12-month Total Pioneer Introduction 0.142 0.553*** -0.129 0.377** 

 (0.104) (0.169) (0.130) (0.174) 
Past 12-month Total Follower Introduction 0.194 -0.278 -0.038 0.080 

 (0.186) (0.184) (0.237) (0.178) 
Past 12-month Total Improver Introduction 0.102 0.180 0.097 0.227 

 (0.212) (0.329) (0.159) (0.440) 
Total Number of Products -0.094 -0.124 -0.014 -0.092 

 (0.110) (0.138) (0.084) (0.138) 
Size -0.102 0.004 -0.050 -0.041 

 (0.130) (0.070) (0.063) (0.096) 
Book to Market -0.049** -0.049 -0.043** -0.104*** 

 (0.024) (0.069) (0.020) (0.038) 
Momentum  -9.197 -3.482 -4.082 -4.788 

 (7.851) (8.612) (7.377) (6.175) 
Patents/Assets 7.768 -4.266 -3.761 0.000 

 (15.637) (15.667) (8.681) (0.000) 
Short-Term Return Reversal -7.913*** -2.397 -6.648*** -1.696 

 (1.951) (2.265) (1.659) (1.288) 
Asset Growth 2.586** 1.689 1.846*** 3.451*** 

 (1.079) (1.252) (0.539) (0.903) 
Capx/Assets -12.184** -9.403* -3.258 -5.466 

 (4.888) (5.496) (5.473) (4.009) 
R&D/Market Equity 0.010 1.138 -0.018 1.155** 

 (0.237) (0.925) (0.096) (0.481) 
ROA 10.457*** 4.989** 6.469*** 5.509*** 

 (1.881) (2.073) (2.031) (0.876) 
Multi-Segment Firm 0.280 -0.334 0.113 -0.061 

 (0.326) (0.437) (0.175) (0.237) 
Patent Based Innovation Efficiency  -0.057 -0.496 -0.101 0.000 

 (1.073) (0.690) (0.191) (0.000) 
New Trademark Introduction -1.222 -0.475 -0.588 -1.013 

 (1.164) (1.060) (0.844) (0.844) 
Constant 2.001 1.409* 0.991 1.354 

 (1.344) (0.794) (0.884) (0.965) 

     
Observations 9,476 9,916 12,480 13,838 
R-squared 0.516 0.551 0.443 0.398 
F statistics 2.694 1.150 1.561 2.753 
NW Robust Standard Errors Y Y Y Y 
Industry Dummies Y Y Y Y 
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Table 7: 

This table shows the second pass results of cross-sectional tests in a two-path procedure. We create the pioneer product innovation factor, which is 
a hedging portfolio that longs top 30 percentile firms in pioneer innovation and shorts the bottom 70 percentile. In the first pass, we run time series 
regression of each asset’s monthly return on pioneer innovation factor return, and other risk factor portfolios in other remaining models, and in the 
second pass, we regress the expected asset return on the beta of pioneer innovation factor, and betas of other risk factors in the remaining models. 
The results below show the second pass in which all the independent variables are coefficients obtained from first pass timer series regressions and 
the dependent variables are expected asset returns. Econometrically, we include intercepts in models (1), (3) and (5) and we impose a no intercept 
condition in models (2), (4) and (6). In panel A, the testing assets are 25 portfolios sorted by size and B/M and 10 industry portfolios. In panel B, 
the testing assets are all CRSP individual stocks, whose screening process follows Jegadeesh et al.(2019). In addition, we follow Boguth and 
Kuehn (2013) to control for log-transformed market value of equity and B/M ratio. We report Newey-West (1987) adjusted standard errors with 3 
lags. ***, **, and * present 1%, 5%, and 10% significance level, respectively. 
 
Panel A:35 Portfolios as Testing Assets 
  Intercept βPioneer Factor βImprover Factor βFollower Factor βMKT βSMB βHML βRMW βCMA 

Model (1) 1.121*** 0.009        
 (0.406) (0.217)        

Model (2)  -0.232        
  (0.142)        

Model (3) 1.128*** 0.107 -0.115 -0.440      
 (0.405) (0.314) (0.254) (0.291)      

Model (4)  -0.225 -0.135 -0.319      
  (0.267) (0.233) (0.266)      

Model (5) 0.902*** 0.201 -0.046 -0.514 0.208 0.078 -0.108 0.127 0.066 
 (0.207) (0.276) (0.242) (0.373) (0.320) (0.190) (0.246) (0.137) (0.122) 

Model (6)  0.134 0.021 -0.143 0.985*** 0.024 -0.276** -0.045 -0.162* 
    (0.283) (0.245) (0.276) (0.087) (0.107) (0.131) (0.121) (0.084) 
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Panel B: Individual Stock as Testing Assets 

  Intercept 
βPioneer 
Factor 

βImprover 
Factor 

βFollower 
Factor βMKT βSMB βHML βRMW βCMA 

βLn(Market 
Value of 

Equity t-1) βB/M Ratio 
Model (1) 1.442*** -0.011        -0.001** -0.000 

 (0.535) (0.015)        (0.001) (0.000) 
Model (2)  -0.007        -0.005** -0.000 

  (0.011)        (0.001) (0.000) 
Model (3) 1.464*** -0.039 0.007 0.019      -0.001 -0.000 

 (0.535) (0.042) (0.045) (0.062)      (0.001) (0.000) 
Model (4)  -0.042 -0.013 -0.004      -0.004** -0.000 

  (0.036) (0.041) (0.052)      (0.001) (0.000) 
Model (5) 1.299*** -0.110 -0.031 0.017 0.098 0.107 0.045 -0.039 0.003 -0.001 -0.000 

 (0.439) (0.078) (0.085) (0.118) (0.135) (0.078) (0.069) (0.049) (0.044) (0.001) (0.000) 
Model (6)  -0.159 -0.043 0.025 0.422 0.241*** 0.179 -0.095 0.047 -0.006** -0.000 

    (0.122) (0.124) (0.135) (0.241) (0.069) (0.114) (0.068) (0.026) (0.003) (0.000) 
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Appendix 1: Variable Definitions 
 

Firm Year Level Tests   
Number of Pioneer Products Total number of pioneer products introduced in year T 
Number of Follower Products Total number of follower products introduced in year T 
Number of Improver Products Total number of improver products introduced in year T 
Total New Products Total new products introduced in year T 
Pioneer Product Introduction Rate  Sales of pioneer products/total new product sales 
Follower Product Introduction Rate  Sales of follower products/total new products 
Improver Product Introduction Rate  Sales of improver products/total new products 
Size Total Assets (AT) 
Sale Total Sales (SALE) 
Firm age Firm Age using Founding Date (Field and Ritter) 

Innovation Efficiency Patents scaled by past 5-year cumulative R&D expense assuming 20% 
depreciation rate 

New Trademark Introduction  New brands introduced in year T scaled by total brands owned in year t 
ROE Net Income (NI)/Shareholder’s Equity Total (SEQ t-1) 
ROA Earnings Before Interest (EBITDA)/Total Assets (AT t-1) 
COP 
 
 
 
Advertising Expense/Total Assets 

Revenue (REVT)-Cost of Goods Sold (COGS)-Administrative Expenses 
(XSGA-XRD)-∆(Accounts Receivable (RECT))-∆(Inventory (INVT))-
∆(Prepaid Expenses (XPP))+∆(Deferred Revenue (DRC+DRLT))+ ∆(Trade 
Accounts Payable (AP))+∆(Accrued Expenses (XACC)) 
Advertising Expense (XAD)/Total Assets (AT t-1) 

R&D Expense / Total Assets Research and Development Expense (XRD)/ Total Assets (AT t-1) 
Capital Expenditure / Total Assets Capital Expenditures (CAPX)/ Total Assets (AT t-1) 

Market to Book Ratio 
(Common Share Outstanding* Price Close (CSHO * PRCC_F) / Common 
Equity (CEQ) 

Market Value of Equity Common Share Outstanding* Price Close (CSHO * PRCC_F) 
  
  
Firm-Month Predictability Tests  
Size Total Assets (AT) 
Momentum  Past 11 month returns 
Patents/Assets Number of Patents (t-1) / Total Assets (AT t-1) 
Short-Term Return Reversal Monthly return in the previous month 
Asset Growth Total Assets (AT)/AT (T-1)-1 
Capx/Assets Capital Expenditure (CAPX)/ Total Assets (AT t-1) 

R&D/Market Equity [Research and Development Expense (XRD)/ Common Share Outstanding* 
Price Close (CSHO * PRCC_F t-1) 

Multi-Segment Firm More than one business segment 
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Appendix 2: Detailed Examples of How Pioneer, Follower and Improver Products are 
Assigned based on Modules 

 

Pioneer Example (1): 

In year 2013, Nielsen added three modules: “ELECTRONIC CIGARETTES – SMOKING; 

ELECTRONIC CIGARS – SMOKING; ELECTRONIC REM ACCESSORY – 

SMOKING”. Anecdotally, 2013 and 2014 saw the start of mass commercialization and 

sales of E-Cigarette, especially favored by teenagers, which caused a big concern to the 

policy makers. Since the entry of these products was so new that Nielsen had to add three 

modules, all the products that belong to these three modules are regarded as pioneers.  

 
Picture credit: https://images.app.goo.gl/JwKinovXKoDbqaYs9  

 

 
Picture credit: https://images.app.goo.gl/JwKinovXKoDbqaYs9  
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Pioneer Example (2): 

In 2014, Nielsen added a new module “RBC BLENDER APPLIANCE”, which accounts 

for a high-performance blender series. This kind of blender seeks to provide the best flavor 

of smoothies while maintaining the nutrients contained in the fruits or vegetables through a 

technology of “pulverization”, which can chop and pulverize the nutrition in skins and 

seeds and other parts into a very smooth and drinkable manner.  

 
Picture credit: https://images.app.goo.gl/RBMXtWVgZKcCzU698 
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Pioneer Example (3): 

In year 2013, Nielsen added a specific module named “PAIN RELIEVING DEVICE”. All 

the products in this module are regarded as Pioneers. For example, the product “Icy Hot 

SmartRelief TENS Therapy”, which based on our limited knowledge integrates a key 

technology, Transcutaneous Electrical Nerve Stimulation (TENS), it into a non-

prescription, low cost, portable over-the-counter machine. 

 
Picture credit: https://images.app.goo.gl/qkdk2CHmVkTapXfJ6 
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Follower Product Example (1) 

Tyson Foods, a company primarily specializing in prepared meats, acquired the brand 

“Three Happy Cow” in 2014, announcing its entry into the yogurt market. Nielsen 

categorizes it as “YOGURT-REFRIGERATED”. However, Tyson discontinued the 

operation in 2015 and according to a report, an insider believed that “Tyson obviously don’t 
know or understand the dairy business…or especially organic or Non-GMO food.” Source: 

https://www.foodnavigator-usa.com/Article/2015/02/11/Production-ceases-at-Greek-

Yogurt-brand-Three-Happy-Cows 

 

 
 

Picture credit: https://www.innit.com/nutrition/three-happy-cows-greek-vanilla-

yogurt/p/00043038000116 
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Follower Product Example (2) 

Anheuser Busch Inbev introduced the Margrita spiked tea beverage and made its entry into 

the sweet tea market. Nielsen categorizes it into module “TEA – LIQUID” 

 
 

Picture credit: https://images.app.goo.gl/RiufgiVGba8ieXsy7 
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Follower Product Example (3) 

Starbucks, a firm focusing on coffee, introduced Teavana brand that entered into tea drink 

market, including both packaged (and freshly brewed) tea products. Nielsen categories it as 

“TEA – PACKAGED”  

 
Picture credit: http://www.fitfoodiemegha.com/2017/03/Teavana-new-tea-menu-starbucks-

india-kothrud-reviewed.html 
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Improver Example (1) 
Apple keeps introducing new versions of iPhone every year. The module’s name is “CELLULAR PHONE”. 
Picture credit: https://techcrunch.com/2017/09/12/this-is-how-much-the-new-iphones-will-cost/ 
 

 
 

Improver Example (2) 
Anheuser Busch Inbev expands its product lines based on successful models. For example, it introduced Lime 
flavored beer named Bud Light Lime. The name of module is “BEER”. Picture credit: 
https://images.app.goo.gl/qYZj2f7oXnfFsnDT7 
 

 
 

Improver Example (3) 
IROBOT CORP has a variety of vacuum products that suit for different households. The module is named 
“VACUUM AND CARPET CLE” Picture credit: https://www.irobot.com/roomba 
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Appendix 2a: A Cross-sectional Comparison Among Pioneer, Follower and Improver 
 
Readers might be interested in how pioneer, follower and improver products are in the same business 
line. Here are some examples: 
 
Example 1: 
Pioneer: iPhone: https://en.wikipedia.org/wiki/IPhone_(1st_generation) 
 

 
 
Follower: Google Pixel: 
https://en.wikipedia.org/wiki/Pixel_(1st_generation)#:~:text=They%20were%20announced%20during%20a,t
he%20Pixel%204%20in%202019. 
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Improver: Other Generations of iPhones 

 
 
 
Example 2:  
Pioneer: Altra’s MarkTEN 

 
 
Follower: Viporesso 
https://www.directvapor.com/vaporesso-xros-16w-vape-pod-starter-kit/ 
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Improver: MarkTEN Elite 
https://www.cspdailynews.com/tobacco/altria-introducing-closed-vapor-system 

 
Example 3:  
 
Pioneer: Vitamix  
https://www.vitamix.com/us/en_us/Shop/5200-Getting-Started?skuId=001372-1093#overview 
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Follower: Oster Blender 
https://www.amazon.com/Oster-Blender-24-Ounce-Smoothie-Brushed/dp/B00XHXN54K 

 
 
 
Improver: More Advanced Vitamix Models 
https://www.vitamix.com/us/en_us/shop/classic-blenders 
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Appendix 3: Profitability Tests Based on Total Sales as Scaler and Without Industry Dummies 
 

Future Operating Performance         
Dependent Variable COP (T+1) ROA (T+1) ROE (T+1) 

 (1) (2) (3) (4) (5) (6) 
Pioneer Product Introduction Rate Based on Total Sales (t) 0.004**  0.007**  0.023**  
 (0.001)  (0.003)  (0.007)  
Follower Product Introduction Rate Based on Total Sales (t) 0.887  0.002  -0.004  

 (0.867)  (0.006)  (0.006)  
Improver Product Introduction Rate Based on Total Sales (t) 0.001  0.004*  0.004  

 (0.002)  (0.002)  (0.008)  
Pioneer Product Introduction Rate No Industry Dummy Models  0.003*  0.004*  0.008** 

  (0.002)  (0.002)  (0.003) 
Follower Product Introduction Rate No Industry Dummy Models  0.001  0.001  -0.015 

  (0.001)  (0.006)  (0.012) 
Improver Product Introduction Rate No Industry Dummy Models  0.001  0.001  0.011** 

  (0.002)  (0.001)  (0.004) 
COP (t) 0.880*** 0.881***     
 (0.031) (0.028)     
ROA(t)   0.857*** 0.854***   
   (0.066) (0.068)   
ROE (t)     0.254** 0.277** 

     (0.102) (0.096) 
Ln(ME) (t-1) 0.002*** 0.002*** 0.004*** 0.004*** 0.029*** 0.026*** 

 (0.001) (0.001) (0.001) (0.001) (0.006) (0.005) 
Ln(Firm Age) (t) 0.004 0.004 0.005** 0.006*** -0.031 -0.007 

 (0.004) (0.003) (0.002) (0.002) (0.021) (0.017) 
Advertising Expenditure (t) -0.014 -0.007 0.088* 0.102* -0.415* -0.410 

 (0.022) (0.016) (0.041) (0.050) (0.211) (0.264) 
R&D Expenditure (t) -0.135 -0.123 -0.068 -0.141 -2.111*** -1.971*** 

 (0.129) (0.087) (0.132) (0.083) (0.640) (0.611) 
Capital Expenditure (t) -0.040 -0.058* 0.140 0.136** 0.231 -0.057 

 (0.057) (0.026) (0.084) (0.058) (0.474) (0.291) 
Market to Book (t) 0.000 0.000 -0.000 -0.000 0.022*** 0.022*** 

 (0.000) (0.000) (0.000) (0.000) (0.004) (0.003) 
Patent Based Innovation Efficiency  0.004 0.005** -0.008*** -0.003 -0.011 0.007 

 (0.003) (0.002) (0.002) (0.003) (0.016) (0.019) 
New Brand Introduction (New Trademark Proxy) 0.013 0.021 -0.042*** -0.023** 0.046 0.124** 

 (0.032) (0.028) (0.012) (0.008) (0.052) (0.055) 
Constant 0.020 -0.023* -0.038 -0.060*** -0.065 -0.137 

 (0.016) (0.011) (0.036) (0.013) (0.181) (0.086)        
Observations 2,096 2,096 2,096 2,096 2,096 2,096 
R-squared 0.717 0.686 0.843 0.816 0.653 0.564 
F statistics 15.933 84.441 13.909 57.139 2.781 8.747 
NW Robust Standard Errors Y Y Y Y Y Y 
Industry Dummies Y N Y N Y N 
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Appendix 4: Replication of future volatilities and future mean reversion tests in Hirshleifer et al. 2018 
 

This table shows replicates future volatilities and future mean reversion tests in Hirshleifer et al.2018. In Panel A, models (1)-(4) regress the standard deviation of 
future four years of ROA on three rates separately and altogether. Models (6)-(8) regress the same dependent variable on above H&P industry average dummies 
separately and altogether. We repeat the same process for ROE from models (9) to (16). In Panel B, models (1)-(3) regress change in ROA from t to t+1, on 
interaction between three rates and change in ROA from t-1 to t., we regress the same dependent variable on the interaction between above H&P industry average 
dummies and change in ROA from t-1 to t. We repeat the same process for ROE in models (7)-(12). In all models, we report average slopes and Newey-West 
(1987) autocorrelation-adjusted heteroscedastic robust standard errors in parentheses from annual Fama and MacBeth (1973) cross-sectional regressions. We 
include industry dummies in each regression. Asterisks *, ** and *** indicate the significance levels of 10%, 5% and 1%, respectively.  
 
Panel A: Future ROA and ROE Volatility                            

Dependent Variable   Volatility of ROA (t+1 to t+4)   Volatility of ROE (t+1 to t+4) 
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) 
Pioneer Product Introduction Rate (t) -0.004* -0.008*             -0.022** -0.024**             

 (0.002) (0.004)             (0.008) (0.010)             
Follower Product Introduction Rate (t) 0.006   -0.005           0.463   0.370           

 (0.007)   (0.014)           (0.290)   (0.300)           
Improver Product Introduction Rate (t) 0.046     0.049         0.125     0.095         

 (0.036)     (0.034)         (0.089)     (0.079)         
Pioneer Product Introduction Rate above H&P Average (t)         -0.016* -0.056**             -0.035** -0.054***     

         (0.008) (0.019)             (0.013) (0.017)     
Follower Product Introduction Rate above H&P Average (t)         -0.074   -0.052           -0.030*   -0.044   

         (0.041)   (0.029)           (0.016)   (0.030)   
Improver Product Introduction Rate above H&P Average (t)         0.058     0.015         0.000     -0.023*** 

         (0.077)     (0.054)         (0.008)     (0.007) 
Volatility of ROA (t-4 to t) 0.221 0.211 0.214 0.227 0.328 -0.059 -0.047 -0.037          

 (0.135) (0.142) (0.139) (0.139) (0.211) (0.429) (0.553) (0.401)      
 

   

Volatility of ROE (t-4 to t)         0.104 0.190 -0.032 -0.003 0.147 0.153 0.175 0.188 
         (0.218) (0.254) (0.343) (0.396) (0.262) (0.241) (0.268) (0.239) 

Ln (ME) (t-1) -0.054** -0.052*** -0.051*** -0.056** -0.025*** -0.032** -0.032** -0.029*** -0.162** -0.144** -0.162** -0.174** -0.134*** -0.130*** -0.129** -0.121*** 
 (0.021) (0.016) (0.015) (0.019) (0.006) (0.011) (0.014) (0.009) (0.062) (0.053) (0.062) (0.072) (0.042) (0.035) (0.047) (0.035) 

Ln (Firm Age) (t) -0.201* -0.193* -0.192* -0.198** -0.138** -0.115*** -0.118** -0.131** 0.220 0.225 0.178 0.196 0.044 0.035 0.040 0.049 
 (0.097) (0.089) (0.086) (0.088) (0.044) (0.031) (0.046) (0.043) (0.155) (0.171) (0.148) (0.141) (0.146) (0.165) (0.134) (0.143) 

Advertising Expenditure (t) -0.091 -0.057 -0.114 -0.130 0.033 0.019 0.013 0.010 -0.203 -0.483 -2.085 -2.277 -3.138 -3.154 -3.164 -2.829 
 (0.376) (0.347) (0.346) (0.333) (0.263) (0.263) (0.270) (0.250) (0.435) (0.757) (1.426) (1.633) (1.945) (1.841) (2.179) (1.629) 

R&D Expenditure (t) 2.335 2.475 2.269 2.191 3.377 3.166 3.197 3.170 9.745 9.444 5.778 5.901 3.435 3.264 3.548 3.678 
 (1.816) (1.820) (1.715) (1.642) (2.311) (2.181) (2.874) (2.192) (6.510) (6.756) (4.311) (4.389) (2.531) (2.454) (2.332) (2.705) 

Capital Expenditure (t) -0.792 -1.014* -0.872* -0.846* 0.322 0.494 0.460 0.407 -3.363 -2.996 -3.393 -2.992 -2.141 -2.025 -2.125 -1.889 
 (0.449) (0.474) (0.408) (0.413) (0.395) (0.443) (0.589) (0.426) (1.960) (2.025) (2.033) (2.179) (1.604) (1.439) (2.009) (1.954) 

Market to Book (t) 0.006** 0.012*** 0.012*** 0.011*** 0.001 0.002 0.002 0.002 0.073** 0.069* 0.139** 0.137** 0.072** 0.071** 0.070* 0.070** 
 (0.002) (0.003) (0.003) (0.003) (0.003) (0.002) (0.002) (0.003) (0.029) (0.033) (0.045) (0.046) (0.028) (0.026) (0.038) (0.026) 

Patent Based Innovation Efficiency  -2.613 -3.136 -3.032 -2.491 -4.301 -0.049 -0.053 -0.070 0.428 0.389 0.359 0.365 0.260 0.240 0.221 0.155 
 (1.633) (1.859) (1.778) (1.500) (2.987) (0.029) (0.038) (0.041) (0.350) (0.342) (0.308) (0.342) (0.159) (0.149) (0.148) (0.130) 

New Trademark Introduction  -0.181 -0.030 -0.161 -0.179 -0.126 -0.105 -0.110 -0.127 -1.153** -1.144* -1.275* -1.132 0.939 0.856 0.895 0.726 
 (0.141) (0.040) (0.110) (0.125) (0.105) (0.094) (0.125) (0.101) (0.436) (0.620) (0.649) (0.717) (0.812) (0.744) (0.811) (0.705) 

Constant 1.194** 1.309** 1.270** 1.356* 0.780*** 0.756*** 0.767** 0.750*** 0.666 0.114 -0.104 0.031 1.660 1.598 1.484 1.205 
 (0.505) (0.535) (0.524) (0.617) (0.169) (0.186) (0.263) (0.179) (0.877) (0.713) (0.478) (0.766) (1.076) (1.077) (1.059) (0.917) 
                  

Observations 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 
R-squared 0.269 0.260 0.259 0.265 0.218 0.203 0.201 0.210 0.260 0.247 0.250 0.248 0.152 0.145 0.145 0.140 
F statistics 2.028 2.892 2.963 2.042 3.726 3.892 2.051 6.405 2.707 2.163 2.625 3.305 3.209 4.295 2.263 3.962 
NW Robust Standard Errors Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 
Industry Dummies Y Y Y Y N N N N Y Y Y Y N N N N 
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Panel A: Future ROA and ROE Mean Reversion                   
Dependent Variable Change in ROA (T+1) Change in ROE (T+1) 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Pioneer Product Introduction Rate (t) 0.002 0.008 0.009   
 -0.031 -0.041 -0.041   

 

 (0.016) (0.015) (0.018)    (0.039) (0.043) (0.039)    
Follower Product Introduction Rate (t) 0.011 0.008 0.007    -0.004 -0.030 -0.017    

 (0.019) (0.016) (0.019)   
 (0.031) (0.040) (0.029)   

 

Improver Product Introduction Rate (t) -0.003 -0.003 -0.003    -0.004 -0.003 0.001    

 (0.002) (0.002) (0.002)   
 (0.015) (0.016) (0.014)   

 

Pioneer Product Introduction Rate above H&P Average (t)     0.003 0.006 0.004     0.087 0.096 0.093* 

     (0.007) (0.006) (0.007)     (0.062) (0.059) (0.050) 

Follower Product Introduction Rate above H&P Average (t)     0.000 -0.002 -0.001     -0.004 0.009 -0.003 

     (0.004) (0.004) (0.005)     (0.025) (0.026) (0.029) 

Improver Product Introduction Rate above H&P Average (t)     0.008*** 0.007** 0.009***     0.003 -0.000 0.011 

     (0.002) (0.003) (0.002)     (0.021) (0.023) (0.020) 

Pioneer Product Introduction Rate * Change ROA (t) 0.007***           0.013**           

 (0.001)           (0.005)           

Follower Product Introduction Rate *Change ROA (t)   0.004           0.006         

   (0.002)           (0.005)         

Improver Product Introduction Rate * Change ROA (t)     0.002**           0.001       

     -0.001           (0.001)       

Pioneer Product Introduction Rate above H&P Average * 

Change ROA (t)       0.012**           0.013***     

       (0.004)           (0.004)     

Follower Product Introduction Rate above H&P Average * 

Change ROA (t)         0.015           -0.002   

         (0.030)           (0.002)   

Improver Product Introduction Rate above H&P Average * 

Change ROA (t) 
  

        0.004* 
  

        0.020** 

           (0.002)           (0.009) 

Change ROA (t) -0.041*** -0.042*** -0.042*** -0.043*** -0.053*** -0.056***     
   

 (0.005) (0.006) (0.005) (0.006) (0.009) (0.006)     
   

ROA (t) -0.077 -0.090 -0.084 -0.096 -0.129* -0.128*     
   

 (0.053) (0.064) (0.052) (0.082) (0.065) (0.069)   
  

   
Change ROE (t)     

   -0.125*** -0.120** -0.116*** -0.262** -0.183*** -0.273*** 

     
   (0.038) (0.041) (0.035) (0.090) (0.055) (0.060) 

ROE (t)     
   -0.269*** -0.265*** -0.254*** -0.586*** -0.591*** -0.583*** 

   
  

   (0.064) (0.057) (0.057) (0.076) (0.072) (0.089) 

Ln(ME) (t-1) 0.003** 0.003** 0.003** 0.003** 0.004*** 0.004*** 0.008*** 0.007** 0.006** 0.042** 0.046** 0.044** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0.002) (0.002) (0.017) (0.016) (0.016) 

Ln(Firm Age) (t) 0.001 0.003 0.001 -0.001 0.001 -0.001 0.018*** 0.015** 0.015* 0.055 0.051 0.048 

 (0.003) (0.003) (0.003) (0.003) (0.003) (0.004) (0.005) (0.006) (0.008) (0.047) (0.049) (0.047) 

Advertising Expenditure (t) -0.003 0.001 -0.016 0.055 0.067 0.052 0.142 0.026 0.032 0.187 0.227 0.241 

 (0.018) (0.016) (0.018) (0.053) (0.057) (0.045) (0.116) (0.100) (0.112) (0.714) (0.750) (0.722) 

R&D Expenditure (t) -0.009 0.032 -0.034 -0.076 -0.103 -0.091 -0.524*** -0.519*** -0.519*** -0.720 -0.824 -0.768 

 (0.086) (0.060) (0.090) (0.052) (0.075) (0.084) (0.102) (0.086) (0.083) (0.927) (0.889) (0.935) 

Capital Expenditure (t) 0.053 0.064 0.058 0.131** 0.129** 0.118* -0.071 -0.061 -0.123 1.223 1.163 1.073 

 (0.053) (0.050) (0.053) (0.057) (0.052) (0.064) (0.239) (0.269) (0.277) (1.045) (0.906) (0.910) 

Market to Book (t) -0.000 0.000 0.000 0.000 0.000 0.000 0.003 0.004** 0.005*** -0.045 -0.045 -0.045 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.002) (0.001) (0.001) (0.060) (0.061) (0.060) 

Patent Based Innovation Efficiency  -0.008*** -0.011*** -0.010*** -0.005** -0.006** -0.008** 0.013 0.012 0.012 -0.016 -0.008 -0.011 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.003) (0.013) (0.013) (0.013) (0.016) (0.018) (0.016) 

New Trademark Introduction  -0.025* -0.017 -0.020 -0.014* -0.009 -0.020*** 0.003 0.019 0.020 -0.053 -0.077 -0.076 

 (0.013) (0.010) (0.012) (0.007) (0.007) (0.006) (0.025) (0.027) (0.022) (0.075) (0.068) (0.069) 

Constant -0.005 -0.028* -0.008 -0.031 -0.038 -0.018 -0.259* -0.286** -0.181** -0.454* -0.471* -0.439* 

 (0.020) (0.015) (0.020) (0.025) (0.023) (0.027) (0.125) (0.099) (0.078) (0.240) (0.235) (0.224) 

               
Observations 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 2,096 

R-squared 0.872 0.870 0.869 0.855 0.862 0.843 0.422 0.395 0.410 0.704 0.687 0.694 

F statistics 4.307 2.238 3.213 7.174 5.675 10.990 2.596 3.449 2.408 6.668 6.879 6.155 

NW Robust Standard Errors Y Y Y Y Y Y Y Y Y Y Y Y 

Industry Dummies Y Y Y N N N Y Y Y N N N 
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Appendix 5: Investor Inattention Tests: Other Proxies 
 
Panel A: Subsample Portfolio Double 
Sorting         
Earnings Surprise                   

Low Earnings Surprise 
 Excess 
Return Alphas 

High Earnings 
Surprise 

 Excess 
Return Alphas 

  4F 4F+RMW+CMA 4F+EMI1   4F 4F+RMW+CMA 4F+EMI1 
Pioneer Firms     Pioneer Firms     
Top 30% 0.956*** 0.546** 0.253 0.550** Top 30% 0.980*** 0.420 0.140 0.442 

 (0.337) (0.259) (0.245) (0.262)  (0.369) (0.279) (0.270) (0.282) 
Medium 40% 1.204*** 0.422** 0.336* 0.468** Medium 40% 1.106*** 0.318 0.249 0.302 

 (0.387) (0.187) (0.191) (0.185)  (0.419) (0.294) (0.304) (0.297) 
Bottom 30% 0.803** 0.145 0.069 0.130 Bottom 30% 0.269 -0.440 -0.749** -0.404 

 (0.371) (0.258) (0.266) (0.260)  (0.405) (0.300) (0.289) (0.302) 
High-Low 0.153 0.402 0.183 0.420 High-Low 0.711* 0.859** 0.889** 0.846** 

 (0.331) (0.321) (0.323) (0.324)  (0.373) (0.377) (0.391) (0.381) 
Analyst Coverage                   

Low Analyst Coverage 
 Excess 
Return Alphas 

High Analyst 
Coverage 

 Excess 
Return Alphas 

  4F 4F+RMW+CMA 4F+EMI1   4F 4F+RMW+CMA 4F+EMI1 
Pioneer Firms     Pioneer Firms     
Top 30% 0.988*** 0.496** 0.218 0.519** Top 30% 1.212** 0.426 0.398 0.322 

 (0.318) (0.225) (0.209) (0.226)  (0.600) (0.516) (0.534) (0.516) 
Medium 40% 1.106*** 0.318 0.249 0.302 Medium 40% 0.743 -0.100 -0.078 -0.086 

 (0.419) (0.294) (0.304) (0.297)  (0.461) (0.210) (0.217) (0.212) 
Bottom 30% 0.412 -0.243 -0.438* -0.228 Bottom 30% 0.625 -0.136 -0.256 -0.166 

 (0.355) (0.245) (0.243) (0.247)  (0.486) (0.306) (0.314) (0.308) 
High-Low 0.577** 0.739** 0.657** 0.748** High-Low 0.587 0.562 0.654 0.488 

 (0.291) (0.295) (0.304) (0.298)  (0.552) (0.565) (0.581) (0.568) 
Panel B: Return Prediction     
Dependent Variable Next Month Return 
  High Earnings Surprise Low Earnings Surprise High Analyst Coverage Low Analyst Coverage      
Past 12-month Total Pioneer Introduction 0.224* 0.089 0.191* 0.845* 

 (0.125) (0.177) (0.113) (0.488) 
Past 12-month Total Follower Introduction 0.169 0.317* 0.014 0.109 

 (0.159) (0.185) (0.127) (0.362) 
Past 12-month Total Improver Introduction -0.028 0.201 -0.017 -1.917 

 (0.344) (0.161) (0.052) (2.003) 
Total Number of Products -0.107 -0.079 -0.016 -0.006 

 (0.102) (0.097) (0.067) (0.187) 
Size -0.125 -0.079 -0.017 0.000 

 (0.125) (0.072) (0.081) (0.168) 
Book to Market -0.061* -0.033 -0.045** -0.211** 

 (0.034) (0.030) (0.019) (0.090) 
Momentum  -5.071 -11.215 -12.028 -3.327 

 (7.604) (8.665) (8.328) (8.460) 
Patents/Assets -25.079 -20.441 2.681 -13.626 

 (22.947) (16.482) (13.505) (17.711) 
Short-Term Return Reversal -3.351* -3.159** -1.330 -2.308 

 (1.810) (1.542) (1.662) (2.347) 
Asset Growth 5.959*** 3.455*** 1.900** 5.621*** 

 (1.479) (1.080) (0.748) (1.404) 
Capx/Assets -11.740*** -7.087 -9.835* -4.485 

 (4.355) (4.421) (5.263) (5.513) 
R&D/Market Equity 0.462 0.376 -1,453.589 505.622 

 (0.299) (0.345) (4,844.432) (2,642.953) 
ROA 8.412*** 3.563** 7.390*** 7.527*** 

 (2.135) (1.748) (1.894) (1.904) 
Multi-Segment Firm 0.218 -0.086 -0.183 -0.183 

 (0.279) (0.303) (0.195) (0.658) 
Patent Based Innovation Efficiency  -0.541 0.659 0.063 -1.502 

 (0.958) (0.493) (0.430) (0.919) 
New Brand Introduction (Trademark) 0.427 -1.798 -0.385 -1.760 

 (0.709) (1.085) (0.608) (1.465) 
Constant 1.763 1.917** 1.079 0.943 

 (1.231) (0.918) (1.039) (1.537)      
Observations 12,037 11,178 11,658 11,557 
R-squared 0.458 0.482 0.470 0.483 
F statistics 1.757 1.334 1.534 1.784 
NW Robust Standard Errors Y Y Y Y 
Industry Dummies Y Y Y Y 
 
 
 

 


