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Abstract

Prior research on data-driven innovation, which assumes quantitative analysis
as the default, suggests a tradeoff: Organizations that rely heavily on data-
driven analysis tend to produce familiar, incremental innovations with moderate
commercial potential, at the expense of risky, novel breakthroughs or hit prod-
ucts. We argue that this tradeoff does not hold when quantitative and qualita-
tive analysis are used together. Organizations that substantially rely on both
types of analysis in the new-product innovation process will benefit by triangu-
lating quantifiably verifiable demand (which prompts more moderate successes
but fewer hits) with qualitatively discernible potential (which prompts more
novelty but more flops). Although relying primarily on either type of analysis has
little impact on overall new-product sales due to the countervailing strengths
and weaknesses inherent in each, together they have a complementary posi-
tive effect on new-product sales as each compensates for the weaknesses of
the other. Drawing on a unique dataset of 3,768 new-product innovations from
NielsenIQ linked to employee résumé job descriptions from 55 consumer-
product firms, we find support for our hypothesis. The highest sales and num-
ber of hits were observed in organizations that demonstrated methodological
pluralism: substantial reliance on both types of analyses. Further mixed-method
research examining related outcomes—hits, flops, and novelty—corroborates
our theory and confirms its underlying mechanisms.
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In 2011, R&D managers at Procter & Gamble (P&G) faced a critical juncture
regarding the future of their Tide Pods prototype. An organization with strong
data-driven norms and processes for innovation, P&G considered abandoning
the laundry product due to lackluster demand projections based on early con-
sumer tests and analysis of historical sales data from related products. But dis-
cussions arose among R&D managers about how much to rely on these
quantitative market analyses for assessing the new product’s commercial
potential.

Prior research informs P&G’s specific innovation challenge and forms the
basis of a more general theoretical perspective on innovation in data-driven
organizations.1 On one hand, the strategy-and-IT literature supports a broadly
positive view: Data-driven innovation processes enhance an organization’s abil-
ity to generate and select products that meet observable customer demand,
thereby increasing firm-level sales (Thomke, 2003, 2020; McAfee and
Brynjolfsson, 2012; Wu, Lou, and Hitt, 2019; Kesavan and Kushwaha, 2020;
Koning, Hasan, and Chatterji, 2022; Conti, de Matos, and Valentini, 2023). On
the other hand, the organizational-innovation literature takes a more skeptical
stance, suggesting that data-driven processes lead organizations to allocate too
many resources to easily measurable yet merely incremental improvements
in products and technologies (Christensen and Bower, 1996; Benner and
Tushman, 2002; Deniz, 2020; Felin et al., 2020; Ghosh, 2021). Synthesizing and
extrapolating these perspectives to product-level commercial success, we
observe that a tradeoff emerges: More data-driven innovation processes may
lead organizations to prioritize familiar, incremental product innovations with
moderate commercial potential over risky, novel breakthroughs or hit products
(Wu, Hitt, and Lou, 2020; Felin et al., 2020).

At first, this tradeoff seemed to play out at P&G as R&D and product manag-
ers debated whether the quantitative market analyses could accurately gauge
the commercial potential of Tide Pods, which marked a significant departure
from traditional liquid laundry detergents. But they were able to move forward
when several senior managers emphasized qualitative insights that contra-
dicted the quantitative analyses, like the observation that ‘‘[consumers] would
hold the pod in their hands like it was a jewel.’’2 These observations sparked
deeper examination of how the quantitative evaluation process had anchored
their projections on comparisons to past products’ value dimensions (like clean-
ing power and scent) but had overlooked the value of new unique features (like
aesthetic appeal and portability). Guided by this combination of quantitative and
qualitative insights, managers conducted additional analyses and ultimately
undertook a large-scale launch that generated billions in annual sales and revita-
lized the sleepy laundry category.

1 By innovation in data-driven organizations, we mean organizations that have norms and processes

that lead their members to rely heavily on data about market demand to generate new products and

assess their commercial potential.
2 Quotations are drawn from the authors’ interviews with company executives.

404 Administrative Science Quarterly 70 (2025)



This anecdote highlights that by equating data-driven processes solely with
quantitative analysis, prior research on innovation may not fully capture their
impact on the commercial outcomes of new products. Despite the rapid rise
of quantitative analytics in recent years (Brynjolfsson and McElheran, 2016;
Wu, Hitt, and Lou, 2020; Lenox, 2023), new-product development processes
typically incorporate both quantitative and qualitative analyses to generate and
assess new-product ideas (Hargadon and Douglas, 2001; Seemann, 2012;
Martin and Golsby-Smith, 2017). And the literature on academic research
methods underscores that qualitative analysis has distinct strengths (and weak-
nesses) compared to quantitative analysis in generating and evaluating ambigu-
ous or novel research ideas (Edmondson and McManus, 2007; Siggelkow,
2007; Kaplan, 2016; Akerlof, 2020; Tidhar and Eisenhardt, 2020). These obser-
vations suggest that methodological pluralism—substantial reliance on both
quantitative and qualitative analysis—may be a crucial factor in explaining inno-
vation success in organizations. Seeking to generalize these anecdotal obser-
vations and insights from prior research, we ask, how does reliance on
quantitative and qualitative analysis in an organization’s innovation process
influence the commercial success of its new-product innovations?

We argue that quantitative and qualitative analyses have a complementary
effect on an organization’s ability to develop commercially successful products.
Drawing from the research-methods and innovation literatures, we describe
this complementarity as rooted in the unique benefits and limitations inherent
in each type of analysis. Used alone, quantitative analyses like market tests
and historical sales panels offer a statistically consistent view of demand for
existing products, leading to the development of more familiar products that
yield moderate successes but fewer big hits (see Katila and Ahuja, 2002).
Conversely, qualitative analyses such as customer interviews and focus groups
lack statistical consistency but can identify potential in unquantified value pro-
positions, leading to more novel products but also more risk and thus more
flops (failed products). But innovation processes that substantially integrate
both methods will result in products that have quantifiably verifiable demand
and qualitatively discernible potential—both of which are vital for successful
innovation (Burgelman, 1983; Ahuja and Lampert, 2001). Therefore, organiza-
tions exhibiting methodological pluralism are more likely to succeed in new-
product innovation than are those that heavily rely on one method or minimally
use both.

Empirically examining the impact of methodological pluralism presents a
dual challenge: measuring the data-analysis methodologies used in organiza-
tions’ innovation processes and linking them to product-level commercial out-
comes. Drawing on a unique data source of excerpts from innovation-relevant
employees’ résumés, we use mentions of qualitative or quantitative analysis in
their work descriptions as a proxy for an organization’s relative reliance on
the methods embedded in its norms and processes over time. By mapping
these mentions to a unique point-of-sale dataset from NielsenIQ that tracked
the commercial performance of 3,768 new products launched by 55 large
consumer-packaged-goods (CPG) firms between 2010 and 2016, we empiri-
cally link the product sales data to the employee résumé data.

We find evidence consistent with our theory of quantitative and qualitative
complementarity in organizations’ innovation processes. Specifically, neither
quantitative nor qualitative analysis has a significant individual impact on
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new-product sales, but jointly the two methods have a robust positive interac-
tion effect. The highest new-product sales resulted when organizations exhib-
ited methodological pluralism: relatively high levels of both qualitative and
quantitative analysis.

We further investigate the theoretical underpinnings of our findings via
additional mixed-methods analyses, leveraging both archival analysis and inter-
views with CPG industry professionals. With the archival data, we demonstrate
that qualitative analysis leads to more flops and fewer moderate successes,
whereas quantitative analysis results in fewer hits but more moderate suc-
cesses; substantial use of both together yields more hits and fewer flops.
Additionally, qualitative analysis increases product novelty, which partially
explains the success of methodological pluralism in innovation. Insights from
executive interviews and other additional analyses provide more-granular expla-
nations for how organizations use quantitative and qualitative analysis in prod-
uct development.

This article contributes to the innovation literature by clarifying that quantita-
tively driven innovation processes lead to fewer high-impact hits only when
used without substantial qualitative analysis. The study contributes to the
strategy-and-IT literature by demonstrating that the effectiveness of data analy-
tics adoption varies not only with the type of innovation but also with the mix
of analyses used, and it contributes to the literature on culture and strategy
by illustrating how leader-driven norms shape perceptions of innovation
opportunities.

THEORETICAL BACKGROUND

Prior empirical research has not specifically investigated how organizations’ use
of multiple types of analyses or solely qualitative analysis affects the commer-
cial success of new products. In the case of quantitative analysis, however,
several strands of research in organizational theory and strategy inform our
theorizing and provide a foundation for hypothesis development.

The Strategy-and-IT Literature: Quantitative Analysis and Firm-Level Sales

The first pertinent research stream, situated at the intersection of IT and strat-
egy research, supports a generally positive view of quantitative analysis in inno-
vation by establishing a link between data analytics adoption and firm-level
sales. This research stream advances the idea that quantitatively data-driven
organizations are apt to be better equipped to test their assumptions about
the market (Thomke, 2003, 2020; Camuffo et al., 2020; Koning, Hasan, and
Chatterji, 2022) and to process large volumes of external information to align
their products to customer preferences (Tambe, 2014; Hitt, Jin, and Wu, 2015;
Müller, Fay, and vom Brocke, 2018; Wu, Hitt, and Lou, 2020; Brynjolfsson, Jin,
and McElheran, 2021). Such organizations may also be less prone both to
undisciplined organizational politics and to confirmation bias that supports man-
agement’s pet projects (Brynjolfsson, Hitt, and Kim, 2011; Brynjolfsson and
McElheran, 2019; Thomke, 2020; Kim et al., 2024). All these advantages would,
theoretically, augment organizations’ ability to produce the most-promising
innovations.
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This viewpoint is consistent with empirical observations that on average,
firm-level adoption of data analytics is associated with higher firm-level sales,
productivity, and market value (McAfee and Brynjolfsson, 2012; Tambe, 2014;
Brynjolfsson and McElheran, 2016, 2019; Müller, Fay, and vom Brocke, 2018;
Koning, Hasan, and Chatterji, 2022; Conti, de Matos, and Valentini, 2023).
These benefits are especially pronounced in firms that have various organiza-
tional complements and IT capabilities (Tambe, 2014; Müller, Fay, and vom
Brocke, 2018; Wu, Lou, and Hitt, 2019; Brynjolfsson, Jin, and McElheran,
2021; Koning, Hasan, and Chatterji, 2022).

The benefits of data analytics also appear to depend on the nature of innova-
tion the firm pursues. Examining links among data analytics adoption, patents,
and sales, a recent study shows how the adoption of quantitative analytics
impacts sales at firms that specialize in various types of innovation. The results
suggest that firm-level adoption of quantitative data analytics contributes signifi-
cantly to sales only in firms that produce patents that are amenable to quantita-
tive analysis, such as process-oriented or incremental innovation (Wu, Hitt, and
Lou, 2020). By contrast, firms that innovate with novel technologies benefit
less from quantitative analytics, the authors argue, because existing quantita-
tive data is most useful for improving existing products and processes.

The Organizational-Innovation Literature: Quantitative Analysis and
Incremental Innovations

The second research stream, rooted in organizational theories of innovation,
supports a less sanguine view, namely, that increasing reliance on quantitative
analytics and related practices may suppress innovation by over-allocating
resources to minor changes and incremental innovations. This perspective har-
kens back to classic arguments that allocating innovation resources on the basis
of short-term measurable outcomes could unbalance such investments to favor
incremental rather than more-radical or long-term innovation (March, 1991;
Leonard-Barton, 1992; Christensen and Bower, 1996; Ahuja and Lampert, 2001;
Benner and Tushman, 2003; O’Reilly and Tushman, 2008). For example,
Baldwin and Clark (1994: 79) argued that after U.S. firms widely adopted
quantitative capital-budgeting systems, ‘‘managers at all levels lacked objec-
tive data and analytic tools’’ with which to invest in less-measurable invest-
ments; certain organizational capabilities were thus ignored, to the long-term
detriment of these firms’ new-product innovation and growth. Similar mechan-
isms were observed at organizations that adopted ISO 9000 process manage-
ment. Benner and Tushman (2002: 682, 2003) observed that ‘‘exploratory
activities [were] increasingly unattractive compared with the short-term measur-
able improvements’’ and that exploratory patents were thus ‘‘crowded out’’ by
exploitative patents. Jointly, this stream of research established that focusing
on quantitatively measurable outcomes unintentionally inhibits organizations’
investment in less-measurable exploratory innovations.

Continuing the theme, recent studies have theorized that innovating based
on quantitative evidence of consumer preferences may similarly promote incre-
mental improvements rather than radical or more-impactful innovation
(McDonald and Gao, 2019; Felin et al., 2020). These studies have focused on
organizations’ use of A/B testing, arguably the gold standard among quantita-
tive tests of consumer preferences. For instance, Ghosh (2021) found that
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inexpensive access to A/B testing tools had the unintended consequence of
shifting engineering and cognitive resources away from intentional planning,
resulting in less-impactful product-development experimentation. Another
study found that U.S. newspapers that adopted A/B testing tools made less-
impactful feature changes and adaptations to their websites (Deniz, 2020).

Thus, despite shifts over time in the specific tools in question, in sources of
uncertainty (from technical uncertainty to market uncertainty), and in the types
of innovation (from process to product) being studied, this second research
stream has maintained the view that increased reliance on quantitative analysis
has the potential to discourage novel, radical, or breakthrough innovations.
Though the relationship between quantitative analysis and product-level com-
mercial success is not established, some research has also implied a connec-
tion (Christensen, 1997; Ahuja and Lampert, 2001). The underlying argument
has also remained constant: that in the intra-organizational competition for
scarce resources (Bower, 1972; Burgelman, 1991; Christensen and Bower,
1996; Klingebiel and Rammer, 2014; Keum and Eggers, 2019), highly quantita-
tive organizations tend to develop more easily measurable—and thus relatively
incremental—innovations.

Synthesis of Literature

It is possible to reconcile these views by recognizing that they focus on differ-
ent dependent variables: the positive view on firm-level productivity and sales
and the critical view on the magnitude of changes to products and technolo-
gies. These views may, indeed, coexist if the impact of data-driven processes
on innovation outcomes simply varies depending on the nature of the innova-
tion. Synthesizing all prior perspectives and extrapolating them to product-level
commercial success, we observe an underappreciated tradeoff: Organizations’
increased reliance on quantitative analysis in innovation processes can promote
familiar incremental innovations with at least moderate commercial potential
but perhaps at the expense of risky, novel products with outlier commercial
potential (Felin et al., 2020; Wu, Hitt, and Lou, 2020).

Though this observation is insightful, we argue that prior research ultimately
provides an incomplete picture of how data-driven analysis impacts innovation.
First, prior research implicitly uses the terms data-driven or data analysis to
mean quantitative analysis, which is at odds with the observation that qualita-
tive analysis is also common in innovation (Hargadon and Douglas, 2001;
Martin and Golsby-Smith, 2017; Gao and McDonald, 2022). The research-
methods literature demonstrates that the value of quantitative analysis in
research can depend on its interplay with qualitative analysis (Jick, 1979;
Edmondson and McManus, 2007; Siggelkow, 2007; Kaplan, 2016), which sug-
gests that research on data-driven innovation could benefit from a more expan-
sive perspective that incorporates multiple methodologies. Second, on an
empirical level, prior research has not directly linked data-driven innovation pro-
cesses to product-level commercial success. Even for quantitative analysis,
which has been studied far more than qualitative, prior studies link firm-level
data analytics adoption to outcomes like patents or productivity, or they link
quantitative practices to the extent of product changes. But these outcomes
are not necessarily directly related to the actual commercial performance of
new-product innovations (Lee, 2022). Therefore, in contexts in which producing
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hits is important, the overall impact of data-driven innovation processes—
whether through quantitative analysis, qualitative analysis, or their interaction—
remains an open question.

HYPOTHESIS

Quantitative and Qualitative Analysis in the Innovation Process

Quantitative and qualitative analysis can be viewed as two ends of a methodo-
logical spectrum (see Figure 1). Though different methodologies occupy differ-
ent points on the spectrum, we define as quantitative those analyses that
produce large-N numerical information intended to be representative and statis-
tically consistent (e.g., data analytics, fixed-response surveys, or A/B testing).
On the other end, we define as qualitative those analyses that produce small-N
non-numerical information that is richly descriptive and contextual (e.g., focus
groups or interviews) (Edmondson and McManus, 2007; Lamont, 2009; Kaplan,
2016; Tidhar and Eisenhardt, 2020; Hong, Lamberson, and Page, 2021).3

Our theory of quantitative and qualitative complementarity focuses on the
variation and selection stages of the process, during which product concepts
are generated, evaluated, prioritized, and developed (Levinthal, 2007; Criscuolo
et al., 2017; Keum and See, 2017). Note that according to our theory, the
respective strengths and weaknesses of quantitative and qualitative analysis
operate similarly regardless of whether these types of analysis are used at
the variation or selection stage. In other words, these analyses will be amen-
able to generating the same types of products that they will be amenable to
selecting; we do not theorize or test the sequencing of methods over time
between stages.4 Furthermore, how an organization executes the final stage

Figure 1. Methodological Spectrum: Quantitative and Qualitative

3 For instance, an A/B test is an example of a quantitative method that is representative and consis-

tent but devoid of context and is information-poor. (It conveys only a single bit of information:

Choose either A or B.) By contrast, interviewing customers is a qualitative method that is richly con-

textual and descriptive but whose findings can be interpreted in various ways and may not provide

a statistically consistent view of the market (just a handful of opinions).
4 Our theory integrates variation and selection, traditionally seen as distinct stages in the innovation

process, by viewing them as intertwined throughout product development (Brown and Eisenhardt,

1995).
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of innovation, implementation (e.g., via marketing or operations), falls outside
the theoretical and empirical scope of this article. As detailed in the Methods
and Results sections, we took several steps to ensure that the quantitative and
qualitative analyses used in the implementation stage do not influence our
results.

Quantitative Analysis and New-Product Success

As established in the Theoretical Background section, high reliance on quantita-
tive analysis in new-product development involves tradeoffs. Though prior
research has not directly linked quantitative analysis to product-level sales, we
expect that tradeoffs similar to those we have described will apply. Quantitative
analysis anchors the generation or assessment of new products in broadly
observable market demand. This information can serve as a base rate for esti-
mating the potential of future products, which is generally viewed as effective
in contexts that resemble past circumstances (i.e., for products that will match
the data-generating process of existing products) (Mellers et al., 2015; Tetlock
and Gardner, 2016; Tetlock, Mellers, and Scoblic, 2017; Kapoor and Wilde,
2023). As a result, quantitative analysis should be helpful for the development
of incremental products (Wu, Hitt, and Lou, 2020).

But the inclination to anchor generation and assessment of new products in
observable demand can also hamper innovation. Products with high commer-
cial potential are not apt to be readily derived from aggregate trends (Allen,
2024) because the opportunities with the greatest commercial potential are
often unfamiliar and less likely to be perceived by competitors or recognized by
customers (Levinthal and March, 1993; Levinthal, 1997; Gavetti and Levinthal,
2000; Denrell, Fang, and Winter, 2003; Gavetti, 2012; Felin and Zenger, 2017;
McDonald and Allen, 2022). Thus, a product-development process that tilts
heavily toward quantitative analysis may result in failure to pursue more-
impactful opportunities (Christensen and Bower, 1996; Benner and Tushman,
2002; Deniz, 2020; Felin et al., 2020; McDonald and Eisenhardt, 2020; Ghosh,
2021; Allen, 2024).

In short, though increased quantitative analysis may increase the likelihood
of launching moderately successful products, it may also stifle the develop-
ment of high-potential outsize hits. The overall impact on the commercial suc-
cess of new products hinges on whether the increase in moderate successes
outweighs the decrease in big hits.

Qualitative Analysis and New-Product Success

As noted, previous research has not explicitly explored the impact of qualitative
analysis on innovation outcomes. But extrapolating from the research-methods
literature, we argue that reliance on such analysis could either enhance or dimin-
ish the commercial success of an organization’s new products. Qualitative
analysis lacks statistical consistency (Edmondson and McManus, 2007;
Siggelkow, 2007; Kaplan, 2016; Tidhar and Eisenhardt, 2020) and may not yield
a representative estimate of market demand. Therefore, such analysis may not
provide as reliable a market signal as quantitative analysis does.

But qualitative analysis, which is context-rich and focuses on in-depth under-
standing of a few cases, is adept at identifying potential in unquantified
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possibilities (Edmondson and McManus, 2007; Siggelkow, 2007; Kaplan, 2016;
Tidhar and Eisenhardt, 2020). This ability is crucial for recognizing new value
dimensions that differ from those of past successful products (Gavetti, Helfat,
and Marengo, 2017; Rindova and Courtney, 2020; Morris et al., 2023). These
unique value propositions are less likely to face competition, potentially creating
substantial commercial value for the innovator (Denrell, Fang, and Winter, 2003;
Felin and Zenger, 2017; Allen, 2024). Thus, while qualitative analysis may lead
to more product failures due to unreliable estimates of broad market demand, it
can also foster the development of novel products with unique value proposi-
tions. The overall impact on the commercial success of new products hinges on
whether the rise in failures outweighs the increase in novelty.

Methodological Pluralism: Complementarity of Quantitative and
Qualitative Analysis

We conceptualize methodological pluralism in organizations as comparatively
high reliance on both quantitative and qualitative analysis, relative either to low
reliance on both or to high reliance on only one method. Although the respec-
tive contributions of quantitative and qualitative analysis to new products’ com-
mercial success are ambiguous (i.e., each could be either positive or negative),
we theorize that the two types of analysis will jointly have a positive, comple-
mentary effect. The strengths of each type counteract the weaknesses of the
other (Jick, 1979), so organizations characterized by high methodological plural-
ism can benefit from a process of validation that compensates for the blind
spots of any single method (Eisenhardt, 1989; Kaplan, 2016; Page, 2018; Ott
and Eisenhardt, 2020). Such organizations are more likely to pursue new prod-
ucts that exhibit (at least to some extent) both quantifiably verifiable demand
and qualitatively discernible novel value. This complementarity can be explained
through mechanisms at both the individual and organizational levels.

At the individual level, innovation processes that rely on both methods will
allow more-accurate perceptions of new products’ potential. Because innova-
tions’ commercial success depends on both estimating existing demand and
recognizing novel potential (Burgelman, 1983; Ahuja and Lampert, 2001; Allen,
2024), using both methods will enhance the accuracy of organizational mem-
bers’ assessment of a set of high-potential new products. If both types of
analysis align to produce consistently strong or weak signals, the decision
about the product is clear. But if the methods do not align, with one giving pos-
itive and the other negative signals, then using both will result in better infor-
mation than will using one in isolation (Jick, 1979). For instance, if quantitative
analysis suggests low demand but qualitative insights are favorable, organiza-
tions might adjust the quantitative evaluation criteria (Vinokurova and Kapoor,
2020) while still considering quantitative predictions. Alternatively, if quantita-
tive assessments are positive but qualitative excitement is lacking, innovators
may reassess the assumptions that led to potentially inflated quantitative
assessments.

At the organizational level, innovation processes that employ both types of
analysis are likely to allocate resources to more successful products.
Organizational processes and norms significantly influence the methods that
individuals choose to use, as well as the perceived value and legitimacy of
these methods (Lamont, 2009; Anthony, 2018). In addition to shaping

Allen and McDonald 411



individuals’ perceptions of a product’s market potential, emphasizing a particu-
lar method may influence collective expectations about which products will win
in the internal competition for scarce resources (Bower, 1972; Burgelman, 1991;
Gilbert and Bower, 2005). For instance, in an organizational resource-allocation
process that heavily relies on quantitative analysis for validation of new-product
ideas, organization members will be unlikely to risk their careers or marshal the
political will to champion products that are not amenable to that preferred method
of analysis (Christensen and Bower, 1996; Benner and Tushman, 2002; Deniz,
2020; Vinokurova and Kapoor, 2020). Thus, an organization with high methodolo-
gical pluralism would be more likely to allocate resources to products that are (at
least moderately) amenable to both quantitative and qualitative methods rather
than to products that strongly appeal to just one.

We thus expect that by anchoring on a quantitative baseline estimate of
demand while also qualitatively discerning novel potential, methodologically
pluralistic organizations will develop new products that are more commercially
successful. High reliance on both quantitative and qualitative analysis not only
leads to more accurate individual valuations of products’ commercial potential
but also promotes organizational norms and processes that allocate resources
to products that are at least moderately supported by both methods. We there-
fore hypothesize as follows:

Hypothesis: The use of quantitative and qualitative analyses in organizations’ innova-
tion processes will have a complementary effect on new-product sales such that
the marginal impact of each type of analysis on new-product sales increases as the
level of the other increases. Therefore, organizations will achieve the highest new-
product sales when they employ high levels of both quantitative and qualitative
analysis, relative to high levels of only one type of analysis or to low levels of both.

METHODS

Research Context

We test our hypothesis in the context of new-product innovation in the U.S.
CPG sector. This sector consists of firms that manufacture products sold to
consumers via retail channels, a market with estimated U.S. sales of $815 bil-
lion in 2019. It spans a wide range of product categories, including products in
food and beverages, household cleaning, beauty, over-the-counter drugs, and
electronics from companies like Procter & Gamble, Unilever, Mattel, Coty,
Church & Dwight, and Newell-Rubbermaid.

Two characteristics of the CPG sector make it a fertile setting in which to
empirically examine our theory of methodological pluralism. First, the CPG sec-
tor is well represented in the NielsenIQ Retail Scanner dataset (introduced in
the next section), which is one of the richest datasets available for capturing
product-level innovation and commercial outcomes on a broad scale (Argente,
Lee, and Moreira, 2018; Granja and Moreira, 2023). Second, due to the CPG
sector’s need for innovation and the difficulty of anticipating successful prod-
ucts, both quantitative and qualitative analyses are routinely used to generate
and assess new products. As in many industries, the cost of developing and
launching products is sufficiently high that products must be validated and
vetted before being fully developed. To control costs, most CPG organizations
require product concepts to pass through a formal funnel process with
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evaluation checkpoints; at these junctures, empirical evidence of consumer
demand is important for determining which products will receive further invest-
ment. Products and features are generated and assessed throughout this pro-
cess through an array of qualitative and quantitative analyses: forecasts based
on past purchasing patterns of similar products in consumer-panel data, sur-
veys, ethnography, consumer interviews, focus groups, and concept tests.

To augment our archival analysis with in-depth understanding of how quanti-
tative and qualitative methods are used in the CPG innovation setting, we con-
ducted semi-structured interviews with 36 CPG industry informants. Consistent
with similar multi-method investigations (Pahnke et al., 2015; Bermiss and
McDonald, 2018), we used a snowball technique to identify suitable interview-
ees. We interviewed executives, R&D personnel, data scientists, and product
managers at eight leading companies in a broad range of product categories.
Our goal was to understand how managers at each organization use data to
assess the commercial potential of new-product innovations. We refer to these
interviews in the following sections to elaborate on our main results.

Sample and Data

To formally test our hypothesis, we undertook an extensive data-collection effort
by gathering résumé entries for innovation-related employees at large CPG com-
panies and carefully merged the entries with a granular dataset of product-level
sales at retail stores. This rich, multi-source dataset allowed us to track a nearly
comprehensive sample of 3,768 new-product launches at 55 large CPG organiza-
tions in the period 2010–2016.5 It allowed for in-depth, precise measurement of
the commercial success of new-product innovations that was linked to the meth-
odologies used in market analysis at those organizations each year.

We constructed measures of product-level features and commercial perfor-
mance by using the NielsenIQ Retail Measurement Services scanner dataset,
which is among the most comprehensive and representative point-of-sale retail
datasets available.6,7 To avoid treating minor changes to existing products as
new products, we aggregated UPC barcode-level data up to the brand/product-
module level.8 We matched products to firms by using the GS1 UPC-firm-
matching database.

To construct measures of each organization’s use of quantitative and qualita-
tive analyses, we used job-description text from résumés posted on a popular
online career networking website (Wu, Hitt, and Lou, 2020; DeSantola, Gulati,
and Zhelyazkov, 2023).9 (For a detailed explanation of why it was necessary to

5 Our data extend through 2018. Because our measure of commercial performance uses sales data

for two years after initial launch, 2016 is the final year studied.
6 These data were accessed through the Kilts-NielsenIQ Data Center at the University of Chicago

Booth School of Business.
7 The NielsenIQ RMS dataset covers most sales at 40,000 distinct stores belonging to 90 retail

chains across 371 Metropolitan Statistical Areas (Argente, Lee, and Moreira, 2018). The 2010–2016

sample represents, on average, $234 billion in annual sales, or roughly 2 percent of annual U.S.

household consumption.
8 Specifically, we summed sales each quarter for each unique combination of the NielsenIQ vari-

ables Brand Code (brand_code) and Product Module Code (product_module_code) in the NielsenIQ

data. Results are robust to UPC-level analyses.
9 The website is arguably among the most representative data sources for the résumés of profes-

sional workers in the United States. As of 2018, it included over 150 million U.S. profiles.
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use résumé job descriptions rather than titles, skills, or alternative data sources,
see Online Appendix A.) Because our aim was to examine the use of quantita-
tive and qualitative analysis in the innovation-development process, we col-
lected résumés only for employees whose reported job functions included
‘‘product management’’ or ‘‘research,’’ using the networking website’s internal
job-function classification system (for additional details, see Online Appendix
A). Because the NielsenIQ data are most representative for CPG firms, we also
filtered for firms with the two-digit NAICS codes 31, 32, and 33.10

Our data collection resulted in 101,919 unique employee résumés describing
182,403 positions at CPG firms between 2010 and 2016. This large number of
descriptions was ultimately reduced in our sample after we applied several nec-
essary filters to the data. First, to ensure that we had relevant text for our mea-
sures, we filtered for profiles with valid English text in the job description, and
we kept only the innovation-related sentences (as described in the Measures
section below). Second, to ensure a sufficiently large sample every year for
meaningful text analysis, we kept only firm–years with 100 descriptions that
contained such innovation-related text.11 Ultimately, our analysis used a final
sample of 49,052 job descriptions of innovation-related work, from 55 CPG
firms. For summary statistics displaying the number of observations dropped at
each step of filtering the data, see Online Appendix D.

For additional controls in robustness checks, we also obtained supplemen-
tary firm-level information by collecting Glassdoor reviews for the firms in our
sample and Compustat data for the public companies among them.

To construct our primary dataset, we aggregated all our data sources at the
product level. (See Online Appendix A for additional details on sample construc-
tion and data merging.) For additional analyses, we also constructed datasets
at the firm–year panel and individual levels. The product- and firm-level datasets
include comprehensive information on all 3,768 new products launched by 55
consumer-product firms in the NielsenIQ data for 2010–2016. Due to the nec-
essary filtering steps described above, the final sample of firms does not con-
tain small CPG firms; it is, however, a nearly comprehensive sample of large
CPG firms with operations in the United States. Approximately 80 percent of
the firms in the sample belonged to the Fortune 1000 or Global 500 in 2016.

Measures

Dependent variable: New-product sales. The primary dependent variable
is new-product sales, operationalized as the sum of dollar sales of product i in
the two quarters that conclude the two-year post-launch period (New-product
salesi). The time of product launch was determined as the first quarter that the
product has observable sales in the NielsenIQ data, which is consistent with
the approach laid out by Argente, Lee, and Moreira (2018). We used sales in

10 Firms not classified by these two-digit NAICS codes are anomalies in the NielsenIQ data because

the bulk of their sales likely do not focus on the physical retail settings in the data. For example, fil-

tering for these specific consumer product NAICS codes excludes Intuit, a software company that

primarily sells online, with only a minor portion of its products appearing in retail data.
11 We verified that the results are robust to a wide range of other thresholds, including 25, 50, 75,

125, and 150 descriptions; for each of these thresholds, the effect size of the main interaction term

remained similar (0.21, 0.35, 0.36, 0.42, and 0.39, respectively), with p values on that coefficient of

0.029, 0.013, 0.005, 0.006, and 0.056.
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the final two quarters of the two-year post-launch period to mitigate confound-
ing signals from the initial size of the product launch, which is more likely than
later sales to be endogenously determined by the firm (Bass, 1969). The firm–
year panel data aggregate this variable by summing the new-product sales of all
products launched each year.

Dependent variable(s): Hits and flops. To examine the mechanisms under-
lying our proposed theory, we discretized the new-product sales measure to
identify which products were hits and which were flops. A product that reached
the top 5 percent of new-product sales in each product group was classified as
a Hiti (which accounted for about 50 percent of total new-product sales in our
sample), while those in the bottom 50 percent were classified as a Flopi (which
accounted for about 5 percent of total new-product sales in our sample). We
also conducted analyses with alternative thresholds, discussed below, showing
the effects of quantitative and qualitative analysis on each decile of new-product
sales. In the firm–year panel dataset, we tallied the classifications Hits and Flops
by summing them at the firm level for all products launched each year. We also
assessed outcomes by calculating Hit rate and Flop rate, or the proportion of
products launched that were hits and failures, respectively.

Independent variables: Quantitative and qualitative analysis. Our inde-
pendent variables were designed to capture each firm’s norms and processes
for reliance on quantitative and qualitative analysis in new-product develop-
ment. To do so, we calculated the mean number of innovation-related sen-
tences at the firm that referred to ‘‘qualitative’’ or ‘‘quantitative’’ analysis in
employee résumés.

To construct these measures, we filtered the résumé text of innovation-
focused employees to identify sentences containing at least one word related to
the product-innovation process (see Online Appendix B for the list of words). We
applied this filter because even innovation-related employees like R&D managers
and product managers engage in (and mention in their résumés) many tasks that
do not directly involve generating and assessing product concepts (e.g., general
operations, hiring, etc.). Furthermore, the same job titles have different functions
in different organizations (Baron and Bielby, 1986), so capturing only the relevant
innovation-related work acted as an important filter for increased theoretical preci-
sion aligned with our theory’s focus on the generation and assessment of new
products, not on unrelated tasks listed under the same job title. Overall, 133,193
of 354,532 sentences (about 38 percent) in our résumé sample included a
product-innovation-related word. (For additional details on sample construction,
see Online Appendix A; for detailed summaries of the numbers of descriptions
and sentences in our sample, see Online Appendix D.)

We obtained the measures Quantitative analysisft and Qualitative analysisft

for each firm f in year t by calculating the mean number of innovation-related
sentences in the résumés of its employees that contained at least one quantita-
tive or qualitative word, respectively.12 We confirmed that alternative measure

12 As in the case of other firm-level measures, we used a one-year lag. Industry executives con-

firmed that about one year (6–18 months) typically elapses between committing to a product

launch and the actual launch.
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specifications using word-level and description-level mentions of quantitative
and qualitative words produced highly similar results (see Online Appendix E).
To identify relevant quantitative and qualitative words, we used a word-
embedding model (Kozlowski, Taddy, and Evans, 2019; Li et al., 2021). Online
Appendix B provides additional details on the methodologies used to construct
these measures.

Table 1 lists the quantitative and qualitative terms that appeared most fre-
quently in the dataset. (For a more comprehensive list, see Online Appendix B.)
Quantitative terms included words such as analytics, statistics, and data sci-
ence; qualitative terms included words such as focus groups, customer inter-
views, and user stories. To ensure that our measure was not highly sensitive
to the removal or inclusion of any particular words, in robustness checks we
created a bootstrapped variable consisting of the mean of 1,000 draws of each

Table 1. Top 30 Quantitative and Qualitative Terms by Frequency

Quantitative # of Mentions Qualitative # of Mentions

data* 10,203 [interactions/visits/interview/immersion, etc.]

near [customer/consumer/field, etc.]

1,589

analytics 3,184 qualitative 765

database 1,398 user stories 463

statistic 1,097 user acceptance test 333

quantitative 826 use case 290

survey 783 focus group 278

master data 412 uat 249

big data 359 voc 201

data analytic 301 voice of customer 195

market data 300 voice of the customer 132

data scien 289 ethnograph 118

customer data 248 customer journey 101

product data 232 usability test 92

data warehouse 204 personas 80

a b test 171 case stud 79

regress 170 user story 55

sales data 167 face to face 53

consumer data 154 storyboard 46

data min 141 one on one 43

data visualization 140 persona 41

nps 128 epics 34

questionnaire 97 consumer journey 33

data set 95 user journey 33

enterprise data 85 qual 32

predictive analytic 85 field research 31

syndicated data 79 epic (from ‘‘customer epic’’) 28

dataset 75 journey map 18

data platform 71 field stud 13

global data 71 anthropolog 10

internal data 70 experience journey 9

* Although the word data can refer to both quantitative and qualitative analysis (and is used in this way within the

academic-researcher community), we found that in practice data nearly always referred to quantitative data. (See

Online Appendix B for a list of the most frequently co-occurring words.) For additional precision, we did not count

mentions of the word data that were preceded by a qualitative word.
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measure, with each draw randomly excluding 25 percent of the quantitative or
qualitative terms in our dictionary. The bootstrapped measures yielded highly
similar results (see Online Appendix E).

We used an array of analyses to extensively validate these independent-
variable measures. First, we confirmed that our quantitative-analysis measure
captured variation consistent with the previous literature’s observation of an
increase in firms’ adoption of quantitative tools and methods during this time
period (Wu, Hitt, and Lou, 2020). As expected, Figure 2 displays a steady
increase in the mean use of quantitative analysis in innovation-focused work
between 2010 and 2016, with a slight increase for qualitative analysis as well.
Note that the use of quantitative analysis was roughly 3.5 times more prevalent
than that of qualitative analysis; this pattern provides important context when
interpreting the coefficients in the regressions reported in the Results section.
Note, too, that Figure 2 displays only an aggregated mean, which could poten-
tially give the impression that at all firms, reliance on quantitative and qualitative
analysis increased. But this was not the case: Online Appendix C confirms that
there was significant within-firm variation over time, including many instances
of firms that significantly decreased or increased the magnitude of their quanti-
tative and qualitative analysis in the time period. The existence of such within-
firm variation validates our approach of using firm–year fixed-effect models to
test our hypothesis, as described below.

Second, we validated our independent-variable measures by using two
external data sources: job-posting descriptions from the data vendor LinkUp
and mentions of quantitative terms in earnings calls from Capital IQ. Prior
research has shown that job-posting descriptions capture demand for particular
tasks and skills in the labor market, such as quantitative or qualitative analysis
(Hershbein and Kahn, 2016; Goldfarb, Taska, and Teodoridis, 2020; Lee and
Kim, 2024). Although this does not replicate the same construct as our

Figure 2. Mean Quantitative and Qualitative Analysis, 2010–2016*

* These measures specify the proportion of all innovation-related sentences that contained any quantitative
or qualitative term.

Allen and McDonald 417



measure based on résumé descriptions, we expect the two data sources to be
correlated: Both relate to the underlying use of quantitative and qualitative data
in decision making and thus serve as an external validation (see Wu, Hitt, and
Lou, 2020). Similarly, we do not expect data on earnings calls to serve as an
ideal measure of how much organizational members use, value, and rely on
quantitative analysis. But because organizational leaders can have a profound
effect on norms and processes, we expect mentions of quantitative analysis in
earnings calls to correlate with our résumé measures of the use of quantitative
analysis throughout the organization. Both datasets underwent the same pro-
cess that we used for our résumé data to identify relevant terms and to con-
struct measures of quantitative and qualitative analysis. The measures exhibit
strong convergent and discriminant validity and high reliability, with adjusted
Cronbach’s alphas of 0.73 for quantitative and 0.78 for qualitative measures.
Further details and analysis appear in Online Appendix C.

Third, using résumé text as a data source relies on a key assumption: that
the language organizational members use to describe their innovation work
appropriately conveys some degree of reliance on quantitative and qualitative
analysis in the organization. A possible concern when researchers use résumé
data is that employees might selectively compose job descriptions that are
aspirational rather than strictly factual. This scenario could be particularly
problematic if quantitative or qualitative analysis were mentioned as a ploy to
appear attractive to the external labor market. Because this hypothetical could
be of concern if mentioning quantitative or qualitative analysis in a specific role
predicted turnover, we conducted an individual-level analysis to mitigate this
concern. Using a Cox proportional-hazard model on individual-level data, we
verified that mentions of quantitative or qualitative analysis from an employee
who held a particular position did not predict turnover in that position when we
controlled for prior quantitative and qualitative experience (see Online Appendix
C). This analysis helps to allay concern about our empirical estimation strategy
because the results were robust when we controlled for quantitative and quali-
tative experience (which we show in robustness checks in Online Appendix E).
Given that aspirational résumé text does not appear to bias our results, we
assert that the two most plausible reasons that an employee would mention,
say, data analytics in a résumé are (1) that the individual actually devoted con-
siderable time and attention to data analytics in the position in question; or
(2) that the individual perceived data analytics to be valued within the organiza-
tion and thus emphasized it. Both reasons, aggregated over hundreds or thou-
sands of employees, likely indicate an organization that relies on quantitative
analysis (and similarly for qualitative analysis).

Finally, we conducted analyses to validate our claim that the measure cap-
tures an organization-level construct (reliance on analyses embedded in the
norms and process of innovation) that is distinct from human-capital acquisi-
tion. If we are genuinely capturing an organization-level construct, we would
expect that individuals’ likelihood of mentioning quantitative or qualitative data
would reflect reliance on quantitative and qualitative analyses in the organiza-
tions they join; this is what we observed (see Online Appendix C for analysis).
We further corroborated this idea by showing in our robustness checks (see
Online Appendix E) that additional controls for skills and past analysis-specific
experience did not alter the results—again, as expected from measures that
primarily capture organizational-level norms and processes.

418 Administrative Science Quarterly 70 (2025)



Control variables. We controlled for several firm–year-level factors that
may correlate with the level of innovation activity and commercial success.
These controls include the number of new products introduced by a firm in a
given year (an indication of innovative activity), total annual sales (an indication
of size and resources), the total stock of products (an indication of size and
scope), and the number of employee descriptions from the career networking
website (an indication of size and representation on the platform that was our
data source). We lagged the sales, products, and employee profile measures
by one year and took the natural log of each control variable to normalize model
residuals due to highly skewed distributions. We discuss a large set of addi-
tional controls in the Robustness Checks section below; variable descriptions
and results appear in Online Appendix E.

Statistical Estimation

A standard test for complementarity between two of an organization’s activi-
ties, represented by two continuous variables, is to include the variables in a
regression equation along with an interaction term that multiplies them to pre-
dict a performance outcome (Brynjolfsson, Hitt, and Yang, 2002; Brynjolfsson
and Milgrom, 2013). When both variables are normalized and mean-centered at
0, a statistically significant positive value on the coefficient of the interaction
term is evidence of complementarity, when we assume that the two activities
are independent and exogenous (Brynjolfsson and Milgrom, 2013). The interac-
tion term intuitively represents complementarity by indicating that the marginal
performance effect of one variable is stronger in the presence of the other
variable.

That the choice of the level of each type of analysis is independent and exo-
genous is a strong assumption. We can, however, take steps to bolster our
confidence in this assumption. In addition to the raw correlations presented
below, we tested for independence by performing supplemental tests of the
relationship between the quantitative and qualitative analysis measures (see
Online Appendix D, Table D2). The tests confirm that when we controlled for
firm and year fixed effects, there is no statistically significant relationship
between the two variables, indicating an acceptable level of independence for
the purposes of our models.

Regarding exogeneity, the ideal experimental design would be to randomly
assign varying degrees of quantitative and qualitative analysis to organizations.
Such a design is not feasible; nor was a valid shock or instrumental variable
available in our data. Thus, although we cannot claim strict exogeneity or
causal identification, we take several additional steps to establish our theory
and its boundary conditions empirically. First, our models include an array of
fixed effects, including firm fixed effects. Therefore, time-invariant interfirm
heterogeneity—such as one firm exhibiting a higher level of risk aversion than
others do—will be less likely to bias the results via the intensity of quantitative
and qualitative analysis.13 Second, we conducted an array of robustness checks

13 In our firm–year panel data analysis, as Shaver (2019) pointed out, there may still be some bias

in interaction effects despite fixed-effects terms. We mitigated this potential bias by using product-

level data (in addition to panel data), by including a wide array of other firm controls in robustness

checks, and via inverse propensity-score weighting (see Online Appendix E).
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with additional controls and specifications, such as controls for R&D spending
and inverse propensity-score weighting for causal identification (described in
the Results section and Online Appendix E). Finally, we validated the theoreti-
cal underpinnings of our findings by conducting additional mechanism analyses
(such as examining hits, failures, and product novelty) and by supplementing
our quantitative results with corroborating insights from informant interviews.

Throughout the study, we used fixed-effects OLS models for continuous
outcome variables (e.g., New-product sales), conditional logistic models for bin-
ary outcomes (e.g., Hiti), and conditional fixed-effect Poisson models for count
outcomes (e.g., counts of Hits for firm-level analyses) (Wooldridge, 2010).
Following prior work, we used nonparametric models to visualize the comple-
mentarity of the performance effects (Brynjolfsson, Hitt, and Yang, 2002;
Brynjolfsson and Milgrom, 2013).

RESULTS

Summary Statistics

Table 2 presents both product-level and firm–year-level variable summary sta-
tistics. The New-product sales variable confirms the skewed nature of commer-
cial performance in the CPG industry: Its mean was about $1.2 million, with a
median of only $ 0.1 million and a maximum of $98 million. By definition, about
5 percent of products in our final sample were hits, and 50 percent were fail-
ures.14 Across firms, the mean percentages of innovation-related sentences

Table 2. Summary Statistics*

N Mean S.D. Min.

Pctl

(25) Median

Pctl

(75) Max.

Product level

New-product sales ($ millions) 3,768 1.237 4.183 0.000 0.0003 0.106 0.903 98.407

Hit 3,768 0.064 0.244 0 0 0 0 1

Flop 3,768 0.495 0.500 0 0 0 1 1

Firm–year level

Quantitative analysis 336 0.058 0.019 0.023 0.045 0.055 0.071 0.119

Qualitative analysis 336 0.016 0.008 0.003 0.011 0.015 0.021 0.044

New-product sales ($ millions) 336 14.125 31.750 0.000 0.0003 1.821 11.92 278.89

Hits 336 0.714 1.438 0 0 0 1 10

Flops 336 5.557 9.296 0 0 2 6 54

Product introductions 336 11.241 18.560 0 1 4 11 114

Descriptions 336 423.55 286.18 100 189.8 352.5 590 1,461

Total sales ($ billions) 336 1.085 1.917 0.000 0.022 0.564 1.190 11.249

Total products 336 131.54 181.55 0.00 16.50 57.50 178.31 948.00

* Raw summary statistics at the product level and firm–year level. Logs and scaling are applied to some variables in

regression analyses, as indicated in the notes accompanying each regression table.

14 Note that the observed proportion of hits was 6.4 percent, due to some product groups in our

sample containing fewer than 20 products. Excluding product groups with fewer than 20 products

gives nearly identical results.
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containing a quantitative or a qualitative word were 5.8 percent and 1.6 per-
cent, respectively. In a given year, a firm could expect about $14 million in
new-product sales as recorded in the NielsenIQ data, 0.7 hits, and 5.6 flops.
Table 3 presents a correlation matrix.

For additional summary statistics, including individual-level statistics, within-
vs. between-individual variation in quantitative and qualitative methods, and raw
performance summary statistics comparing high vs. low quantitative and quali-
tative analysis, see Online Appendix D. These statistics are consistent with our
theory of complementarity.

Main Results

Table 4 presents coefficient estimates from regressions testing our main
hypothesis, using product-level data. This analysis includes firm, product-
module, and year fixed effects, with New-product sales as the dependent vari-
able. Column 1 includes only control variables. Column 2 adds the variables
Quantitative analysis and Qualitative analysis, indicating no statistically signifi-
cant relationship with New-product sales for either variable individually. This is
unsurprising, as our theory suggests that using either type of analysis alone
invokes countervailing forces, leading to an ambiguous average effect on com-
mercial success.

Columns 3–5 test the hypothesis by adding the interaction term Quantitative
analysis×Qualitative analysis. Column 3 reports the test without any controls,
Column 4 reports it with no product-module fixed effects, and Column 5
reports the full model with all controls and fixed effects. As predicted, all three
models support our hypothesis of a positive complementary effect for quantita-
tive and qualitative analysis on new-product innovation success. On average, a
new product launched by a firm with a one-standard-deviation increase in
Quantitative analysis is associated with a 47 percent (e0:384 = 1.47) increase in
sales for firms with Qualitative analysis one standard deviation above the
mean.

To visualize this complementary relationship between quantitative and quali-
tative analysis with respect to new-product sales, we used nonparametric esti-
mation (see Brynjolfsson, Hitt, and Yang, 2002; Brynjolfsson and Milgrom,

Table 3. Correlations*

1 2 3 4 5 6 7 8 9

1 New-product sales 1

2 Hit 0.539 1

3 Flop –0.283 –0.258 1

4 Quantitative analysis 0.053 0.001 0.001 1

5 Qualitative analysis –0.023 0.016 0.015 0.344 1

6 Descriptions 0.113 0.016 –0.038 0.068 0.160 1

7 Product introductions 0.001 –0.024 –0.031 –0.196 –0.056 0.376 1

8 Total sales 0.115 0.033 –0.026 0.113 0.155 0.855 0.345 1

9 Total products 0.039 0.003 –0.013 –0.174 –0.020 0.624 0.665 0.658 1

* Correlations in product-level data.
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2013).15 Figure 3 displays the resulting visualization. The color gradient and con-
tour lines on the figure represent the smoothed predicted values of the interac-
tion term’s effect on the logarithm of New-product sales. Darker orange
heatmap colors and higher numbers on the contour lines indicate higher pre-
dicted sales, while lighter yellow heatmap colors and lower numbers on the
contour lines indicate lower predicted sales. Regions in which the model extra-
polates beyond the reliable data range are marked in white. Positive and nega-
tive numbers on the contour lines reflect values above and below the mean,
respectively (specifically, logðexÞ where x is the number on the contour line).

Visually, the figure confirms the hypothesized complementary relationship:
The predicted marginal effect of quantitative analysis on new-product sales is
increasingly positive as the level of qualitative analysis increases and vice versa.
High levels of both types of analysis outperform high levels of either analysis
alone and low levels of both. Here, it bears reiterating that the baseline levels

Table 4. Impact of Quantitative and Qualitative Analysis on New-Product Sales*

(1) (2) (3) (4) (5)

DV: Log(New-product salesi)

Quantitative analysisft-1 –0.066 –0.239 –0.155 –0.241

(0.248) (0.240) (0.267) (0.255)

Qualitative analysisft-1 0.281 0.278 –0.151 0.158

(0.241) (0.212) (0.241) (0.244)

Quant analysisft-1× Qual analysisft-1 0.314• 0.300• 0.384••

(0.129) (0.142) (0.136)

Log(Descriptionsft-1) 0.652 0.349 1.315 0.793

(0.721) (0.808) (0.887) (0.813)

Log(Total salesft-1) 0.154 0.143 0.061 0.100

(0.392) (0.392) (0.371) (0.444)

Log(Total productsft-1) 0.669 0.499 0.039 0.426

(1.131) (1.136) (1.031) (1.111)

Log(Product introductionsft) 0.675•• 0.666•• 0.786••• 0.713••

(0.249) (0.248) (0.187) (0.239)

Firm FE Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes

Product-module FE Yes Yes Yes Yes

N 3768 3768 3768 3768 3768

Adj. R2 0.171 0.171 0.169 0.080 0.172

+ p < .10; • p < .05; •• p < .01; ••• p < .001

* Coefficients are estimated using OLS fixed-effect regression models on product-level data, with New-product

sales as the dependent variable. The dependent variable and control variables are log-transformed to normalize the

model residuals. The variables Quantitative analysis and Qualitative analysis are z-score-scaled and mean-centered

so that the interaction term is a direct test of complementarity. Standard errors are clustered at the firm level.

15 To conduct the nonparametric estimation, we used Generalized Additive Models (GAMs), which

do not require linear modeling assumptions and therefore allow for a relatively model-free visualiza-

tion of the complementarity effect (Hastie, Tibshirani, and Friedman, 2009). The nonparametric

model includes all the same variables as in Table 4, column 5 but uses a nonparametric tensor-

spline term to model the interaction between quantitative and qualitative analysis (using the te()

function from the MGCV package in R). In the model, the tensor-spline term is statistically signifi-

cant at p < 0.05.
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of quantitative and qualitative analysis are quite different (see Table 2, Figure 2,
and Figure 3). Therefore, our results do not imply that equally high levels of
quantitative and qualitative analysis increase commercial success but, rather,
that relatively high levels of each do.

To further validate the theoretical underpinnings of our findings, Table 5
reports two additional outcomes: the probability of a launched product being a
hit or a flop. Columns 1–3 use Hit as the dependent variable. In accordance
with our theory, the models indicate that increases in Quantitative analysis are
significantly related to a decreased probability of hits. Although the Quantitative
analysis term is strongly negative, the full model in Column 3 still shows com-
plementarity in the methods for predicting hits: The interaction Quantitative
analysis×Qualitative analysis is associated with a 49 percent (e0:402) increase
in the likelihood of a hit (p < 0.05). Columns 4–6 in Table 5 use Flop as the
dependent variable. These models also support our theory: Qualitative analysis
is associated with more flops, but the number of flops is mitigated when paired
with quantitative analysis.

To visualize these effects on a wider range of outcomes, Figure 4 plots the
coefficient estimates and 95 percent confidence intervals for quantitative
analysis, qualitative analysis, and their interaction term for each decile of New-
product sales. To create this plot, we estimated the regression model from
Table 5, column 3, applying a range of outcome variables for each decile of
new-product sales. The plot displays the resulting coefficient estimates for each
decile-outcome regression. The figure corroborates our theory and the evidence
presented in Table 5: The interaction term Quantitative analysis×Qualitative
analysis is significantly associated with the highest decile of new-product sales

Figure 3. Visualization of the Quantitative x Qualitative Complementary Relationship on

New-Product Sales*

* The color gradient and contour lines represent the smoothed predicted values of the interaction term’s
effect on the logarithm of New-product sales. Darker orange (darker in grayscale) areas signify higher
predicted sales, while lighter yellow (lighter in grayscale) areas indicate lower. The numbers on the contour
lines indicate the magnitude of the effect, with 0 representing no difference from the mean new-product
sales.
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and shows a generally increasing trend up the decile range. Qualitative is associ-
ated with significantly more flops (0.3–0.5 decile range of new-product sales)
and fewer high-to-moderately successful products (0.7–0.9) but is no less likely
to produce hits. And Quantitative is associated with significantly more moder-
ately successful products (0.6–0.7) but fewer hit products (0.9–1.0). These pat-
terns are consistent with our theory.

Robustness Checks

We conducted several analyses to further examine the robustness of the main
results. Online Appendix E reports these results and provides more details on
how additional variables were constructed. We include some highlights in this
section.

First, we confirmed that in accordance with our theory, the results were dri-
ven by the use of quantitative and qualitative analysis during the variation
and selection stages of innovation rather than during the implementation stage.
We constructed alternative variants of our measure that counted only sen-
tences containing at least one word each from a variation dictionary (e.g.,

Table 5. Impact of Quantitative and Qualitative Analysis on Hits and Flops*

(1) (2) (3) (4) (5) (6)

DV: Hiti DV: Flopi

Quantitative analysisft-1 –0.702••• –0.544••• –0.846••• 0.088 0.136 0.166

(0.198) (0.127) (0.187) (0.100) (0.099) (0.113)

Qualitative analysisft-1 –0.029 –0.042 –0.170 0.168+ 0.172+ 0.224•

(0.220) (0.144) (0.208) (0.100) (0.098) (0.100)

Quant analysisft-1× Qual analysisft-1 0.334•• 0.402• –0.102+ –0.169••

(0.105) (0.172) (0.056) (0.054)

Log(Descriptionsft-1) –1.472•• –1.000• 0.051 –0.139

(0.537) (0.495) (0.422) (0.375)

Log(Total salesft-1) 0.526 0.898 –0.221 –0.208

(0.696) (0.771) (0.268) (0.317)

Log(Total productsft-1) 0.891 0.760 0.274 0.287

(1.304) (1.317) (0.542) (0.530)

Log(Product introductionsft) –0.230 –0.188 –0.106 –0.127

(0.192) (0.194) (0.090) (0.088)

Firm FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Product-module FE Yes Yes Yes Yes

N 2175 3655 2175 3427 3757 3427

Log likelihood –589.548 –848.121 –585.994 –2119.5 –2535.7 –2116.1

+ p < .10; • p < .05; •• p < .01; ••• p < .001

* Coefficients are estimated using conditional logistic regression models on product-level data, with Hit (columns

1–3) and Flop (columns 4–6) as the dependent variables. The control variables are log-transformed to normalize the

model residuals. The variables Quantitative analysis and Qualitative analysis are z-score-scaled and mean-centered

so that the interaction term is a direct test of complementarity. The same dataset was used for each regression;

the sample size varies between models, however, because observations are automatically excluded from

conditional logistic regressions when fixed-effect categories contain no instances of the DV. Standard errors are

clustered at the firm level.
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generate, ideate), a selection dictionary (e.g., develop, test, evaluate), and an
implementation dictionary (e.g., advertise, pricing). We found the complemen-
tarity result to be driven mainly by the interaction between quantitative and
qualitative selection.

Second, to allay concerns about potential omitted variables, we added a
broad array of additional firm-level control variables derived from Compustat,
Glassdoor, and our résumé data: (1) General firm performance, based on market
value and return on assets; (2) Innovation focus, based on R&D expenditures
and capital expenditures; (3) Skills and human capital, based on employees’
quantitative and qualitative skills, quantitative and qualitative experience, and
formal education; (4) Composition of occupations, based on job titles; and
(5) Organizational positivity and diversity, based on Glassdoor ratings and firm-
level compositions of gender, seniority, and race.

Third, we demonstrate that the results are robust across several alternative
measures of quantitative and qualitative analysis. We also ensured these mea-
sures were not overly sensitive to the inclusion or exclusion of specific words,
and we Winsorized all variables to mitigate the impact of outliers.

Figure 4. Coefficient Estimates and Confidence Intervals for New-product sales Deciles*
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Finally, we attempted to further mitigate potential selection effects by using
Inverse Probability Weighting with Covariate Balancing Propensity Scores (Imai
and Ratkovic, 2014). For further details on all these analyses and the results,
see Online Appendix E.

Firm-Level Analysis

In addition to the product-level analysis described above, we present results
from analyses of a firm–year panel dataset. The product-level analysis estimated
the commercial success of individual products, conditional on the product being
launched; the firm-level analysis captures a more expansive view—that of firms’
overall innovation performance over time. Table 6 displays these firm-level
results, which largely confirm the results presented in prior tables and figures.

Table 6, column 1, confirms a positive coefficient on Quant analysis × Qual
analysis (p < 0.05); the individual effects of quantitative and qualitative analysis

Table 6. Firm–Year Panel Analysis: Impact of Quantitative and Qualitative Analysis on Firm-

Level New-Product Sales, Hits, and Flops*

(1)

DV: Log(New-

product

salesft)

(2)

DV: Hitsft

(Poisson)

(3)

DV: Flopsft

(Poisson)

(4)

DV: Introsft

(Poisson)

(5)

DV: Log(New-

product salesft /

Introsft)

(6)

DV: Hitsft /

Introsft

(7)

DV: Flopsft /

Introsft

Quantitative analysisft-1 0.067 –0.445•• 0.080 0.036 –0.247 –0.046• 0.092+

(0.362) (0.164) (0.065) (0.077) (0.296) (0.021) (0.046)

Qualitative analysisft-1 –0.167 0.119 0.067 0.071 0.529 0.007 0.020

(0.343) (0.162) (0.056) (0.073) (0.370) (0.016) (0.044)

Quant analysisft-1×
Qual analysisft-1

0.884• 0.358• –0.063 –0.091 0.590• 0.036• –0.067•

(0.333) (0.154) (0.043) (0.074) (0.272) (0.017) (0.029)

Log(Descriptionsft-1) 0.433 –0.507 –0.137 0.110 –0.117 –0.088 –0.169

(1.138) (0.377) (0.187) (0.282) (0.709) (0.060) (0.120)

Log(Total salesft-1) –0.240 0.304 0.110 0.001 –0.224 0.002 0.011

(0.199) (0.355) (0.081) (0.080) (0.233) (0.008) (0.028)

Log(Total productsft-1) –0.666 0.830 0.093 0.618• 0.673 0.064 0.140

(1.693) (0.793) (0.248) (0.272) (2.046) (0.075) (0.147)

Log(Product

introductionsft)

5.599••• 0.618•• 1.308•••

(0.530) (0.218) (0.068)

Firm FE Yes Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes Yes

Num. obs. 336 235 317 333 264 275 275

Adj. R2 0.840 0.567 0.245 0.365

Log likelihood –221.868 –482.961 –765.323

+ p < .10; • p < .05; •• p < .01; ••• p < .001

* Coefficients are estimated on firm-year panel data using OLS fixed-effect models for continuous variables

(columns 1, 5–7) and Poisson models for count variables (columns 2–4). Dependent variables are indicated at the

top of each column. The control variables are log-transformed to normalize the model residuals. The variables

Quantitative analysis and Qualitative analysis are z-score-scaled and mean-centered so that the interaction term is a

direct test of complementarity. The same dataset was used for each regression, but the sample size varies

between models because observations were automatically excluded from Poisson regressions when fixed-effect

categories contained no instances of the DV (columns 2–4) and were automatically dropped when New-product

sales or Intros had a value of 0 (columns 5–7). Standard errors are clustered at the firm level.
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are smaller in magnitude and not significant. Table 6, columns 2 and 3 report
results from Poisson models of the impact of quantitative and qualitative analy-
sis (and their interaction) on the number of hits and failures at each firm each
year. In column 2, Quant analysis × Qual analysis is associated with more hits
(p < 0.05); Quantitative analysis individually is associated with fewer hits.
Column 3 shows no significant relationship with the overall number of flops,
though the coefficients are directionally consistent with the product-level analy-
sis previously presented in Table 5.

Table 6, column 4, with Product introductions as the dependent variable,
confirms that the results are not driven merely by the fact that firms that use
more quantitative and qualitative analysis launch more products. Columns 5–7
also support this interpretation, showing that the rate of new-product sales,
hits, and flops is consistent with prior results: The interaction term was signifi-
cantly positive for average new-product sales per number of products intro-
duced and for the rate of hit products, and it was significantly negative for the
rate of flops.

Product Novelty

We further validate the theoretical foundations of our findings by examining the
relationship between methodological pluralism and product novelty. We defined
the novelty of each product as the proportion of its NielsenIQ product attributes
that were never before seen within its product module (Argente, Lee, and
Moreira, 2018; Granja and Moreira, 2023). To increase the measure’s compar-
ability across products in different NielsenIQ product modules (because only
products within a module share the same attribute categories and values), the
variable was calculated as the percentile of novelty within each product cate-
gory (Allen, 2024). Because product-attribute data were not available for all
products, we were able to calculate this measure only for a subset of products
(for details on creating the novelty measure, see Online Appendix A).

In an analysis included in Online Appendix F, we confirm that as expected in
our theory, qualitative analysis is, indeed, associated with an increase in the
mean novelty of products launched. We also find that as expected, the novelty
of products launched serves as a partial explanation for the relationship
observed between methodological pluralism and the commercial success of
new-product innovations.

Inter- vs. Intra-Personal Methodological Pluralism

Given the existence of individual-level measures of the use of quantitative and
qualitative methodologies in organizations, it is possible to examine how much
the results are driven by inter- vs. intra-personal methodological pluralism. That
is, are organizations that have more purely quantitative and purely qualitative
employees more commercially successful than those that contain more mixed-
method employees? We explore them as an extension of our main results in
Online Appendix F.

As outlined in Appendix F, we find that the main Quant × Qual result is not
impacted by controlling for the degree of intra-personal pluralism; and we find
evidence of an inverted U-shaped relationship in which some degree of intra-
individual methodological pluralism (i.e., multi-method individuals) may enhance

Allen and McDonald 427



organizations’ innovation performance but that too much may be detrimental.
In other words, neither pure methodologically specialized individuals nor all
mixed-methods individuals is optimal. Therefore, both inter- and intra-individual
mechanisms appear to be at play. These findings are consistent with our quali-
tative observations, described in the next section, which indicate that the
organization-level result is shaped by individual evaluation as well as organiza-
tional resource-allocation processes.

Supplementary Insights from Interview Data with Product and R&D
Managers

To supplement our archival analysis, we also draw on our 36 interviews with
industry informants to illustrate the organizational processes underlying our
theory. In interviews, we sought to understand the mechanisms by which the
use of quantitative and qualitative analyses in organizations impacts their inno-
vation outcomes. Several insights emerged from these interviews.

One insight was that organizational members readily identified the presence
of data-driven norms and processes in their organizations. One manager (#2)
said, ‘‘We consider ourselves to be a very data-driven company. I know that
moniker has been taken up by many, many companies of late, but we feel like
we have always been a data-driven company—and that is evident in all of our
systems and processes.’’

Organizations’ top leaders seemed to play an important role in shaping these
processes and norms regarding reliance on quantitative and qualitative analysis
(see Schein, 2010). Many leaders in our sample tended to favor quantitative
over qualitative. One marketing manager (#20) described how difficult it was to
present qualitative analysis to some leaders: ‘‘It’s really hard to stand up in front
of the senior management and they’re like, ‘Why do you think X?—And you
don’t have [quantitative] data, right?’ . . . A lot of leaders call bs [on qualitative
evidence], like, ‘You got one guy telling you he doesn’t like the color orange,
and then you changed your mind?’’’ The marketing manager added, ‘‘I know all
the leaders in the building who don’t really believe, who don’t like focus groups
or whatever.’’

Leaders also appeared to take cues from broader external trends, like the
data analytics fad—an observation from informants that was consistent with
our archival analysis (the aggregate trend in Figure 2). For instance, one innova-
tion executive (#21) described how senior leaders mediated the influence of
external fads:

I think that there is this faith in big data right now, that it’s hip and cool and fun to talk
about at the country club, and CEOs say to themselves, ‘‘Well, what are you doing?’’
‘‘Oh, I just started an analytics team.’’ . . . So I think some of it may also just be a
trend. . . . It’s just—it’s cool.

Despite the prevailing quantitative focus, some organizations endorsed a
more pluralistic approach. A senior R&D executive (#1) described an intentional
transition led by the leaders at her organization from a strictly quantitative focus
to a more holistic, multi-method approach:
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So, before, the company was very unidirectional: did [the quantitative tests] give you
good volume? Yes? Let’s go—without even questioning whether the model is right,
anything. . . . But we started to look into how we can use the body of evidence.

Another theme was that organizational norms and processes regarding quan-
titative and qualitative analysis appeared to meaningfully influence the direction
of innovation. At the organizational level, expectations for analyses influenced
which products were generated and selected. One product manager (#11)
recalled, ‘‘The ubiquity of [quantitative] data genuinely changed the way in which
decisions were made—if there was [quantitative] data to back a decision, it was
often approved. . . . Otherwise, it was often dismissed.’’ Less-measurable
projects were described by one product manager (#10) as an ‘‘uphill climb’’;
product managers would not champion them without being thoroughly con-
vinced and having the ‘‘political capital’’ to push forward (see Dyer, Furr, and
Hendron 2020). One senior manager (#4) recounted that a former colleague had
had difficulty rallying support for his projects when he moved to an organization
that heavily favored quantitative results: ‘‘[He] had a really hard time selling the
organization on supporting him because he’s not coming back with that rigor.
. . . He came from . . . a place that didn’t operate the same way.’’ One data
scientist (#34) said he would ‘‘actively discourage a junior PM doing a [less-
measurable project]’’ due to career risk. This phenomenon may have been
particularly acute for high-potential innovations, which tended to be less
amenable to analysis using broad quantitative trends. In one R&D manager’s
words (#3),

That was the insanity of [quantitatively] data-driven decision making at [our company]:
because decision makers need [quantitative] data, data that have been validated,
because we have done the same test for years . . . [but] if I do the things that are
already in the data, someone else will be able to catch up. That’s my dilemma.

Informants reported that in such settings, organizational members deferred
to the quantitative tests rather than attempting to dig deeper to figure out
which products truly had the highest potential. Referencing a missed opportu-
nity in a new-product space, one product manager lamented (#6), ‘‘The worst
kind of decision making . . . is when you say that we’re going to stick to our
core revenue metrics for this evaluation; if it doesn’t move those [metrics],
then we don’t care.’’ The senior executive (#1) reported that her organization
had placed ‘‘excessive’’ value on the output of a handful of quantitative con-
sumer tests: ‘‘It was kind of a ‘check the box.’ . . . People stopped digging
deep into the richness of all the data we collected and just sort of checked the
box and said, ‘We got a win on this one.’’’

In organizations that relied on different types of analyses, informants also
reported that combining methods improved their individual-level evaluations of
high-potential products. Qualitative information helped some managers recog-
nize value in opportunities that might otherwise have been overlooked (#17):

Sometimes you get these little nuggets that you could never get in [quantitative]
data, and you can use the qualitative to ‘‘see’’ your quantitative . . . just these little
things that you would never really get, or you might ignore, because they’d be ‘‘stan-
dardized out’’ [in quantitative data]. Like when you’re looking at the [quantitative]
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data, they don’t pop. And then you can take those nuggets into either more quantita-
tive or qualitative testing.

One R&D manager observed (#9), ‘‘The [quantitative] data can tell us what is
happening, but the moment you start getting into the why it is happening,
that’s where the qualitative insights play a big role. . . . For us, it’s the combina-
tion of the two which really gives us the breakthrough.’’

Triangulation of methods was characterized as valuable for appropriately
assessing innovations with high commercial potential. According to the R&D
manager (#9), when ‘‘inventing something totally new,’’ the product might
require ‘‘dealing with a consumer habit that we had to create and help [the con-
sumer] understand.’’ Because most quantitative market tests do not capture
this ‘‘habit formation,’’ (#9) they may produce misleading findings about high-
potential products that require it. But rather than ignoring the potentially
problematic quantitative tests, a senior R&D manager (#1) spoke of using the
quantitative information while still being ‘‘grounded in the qualitative’’—inter-
preting all the information available rather than merely deferring to the quantita-
tive test.

Taken together, these observations were generally consistent with our
theory and archival results. Methodological pluralism shapes innovation by
helping organizational members identify products that may not be amenable to
purely quantitative analysis (the default in many organizations), and it motivates
them to champion high-potential products that are better suited to a
multi-method approach.

DISCUSSION

Examining how methodological pluralism impacts an organization’s likelihood of
developing commercially successful new products, we conducted tests on a
unique archival dataset of new-product innovations launched by large CPG
firms. The tests confirmed our hypothesis that while heavy reliance on either
quantitative or qualitative analysis individually would have ambiguous impacts
on new-product sales due to the inherent strengths and weaknesses of each
method, together they would have a complementary positive effect. We also
confirmed the theoretical underpinnings of our results, finding quantitative
analysis to be associated with more numerous moderate successes but with
fewer hits and qualitative analysis to be associated with more flops and more
novelty. Finally, we found that novelty had a positive impact on commercial suc-
cess and partially explained the relationship between methodological pluralism
and commercial success. Collectively, these findings suggest that methodologi-
cal pluralism helps organizations produce more hits and more novel products
than if they heavily used quantitative analysis without substantial qualitative
analysis, and it leads to fewer flops than if they heavily used qualitative analysis
without substantial quantitative analysis. Overall, using more of both quantita-
tive and qualitative analysis together leads to more new-product sales (both
overall and per product).

Our theory and findings contribute new theoretical insight to three streams
of research: organizational theories of innovation, theories of data-driven deci-
sion making in strategy and IT, and research on the link between elements of
organizational culture and strategic performance.
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Implications for Organizational Theories of Innovation

Prior research on organizational theories of innovation has warned against being
too data-driven when organizations pursue novel, radical, or breakthrough inno-
vations (Christensen and Bower, 1996; Benner and Tushman, 2002; Deniz,
2020; Felin et al., 2020). The argument is that organizations that use more
quantitative analysis tend to allocate resources to innovation initiatives that are
easier to measure and thus relatively incremental or less impactful.

We extend this work by clarifying that the proposed negative impact of data-
driven decisions may occur only when quantitative analysis is used without sub-
stantial levels of qualitative analysis. With low qualitative analysis, quantitative
analysis aligns with prior research expectations, leading to more moderate suc-
cesses but fewer significant hits. However, when quantitative analysis is paired
with high levels of qualitative analysis, organizations produced not only more
successful products on average but also a high number and high rate of impact-
ful hits. By distinguishing between the types of data analysis that organizations
use, we show that the magnitude of reliance on quantitative analysis may
be less relevant to innovation success than is the pluralism of the methods
employed. Thus, our results suggest that organizations seeking commercial hits
may benefit more from increasing the variety of analyses they use rather than
from diminishing their use of quantitative analysis.

More broadly, these results may be used to extend established research on
the productivity dilemma and the exploration vs. exploitation tradeoff, wherein
increased reliance on short-term productivity decreases longer-term innovation
(Abernathy, 1978; Baldwin and Clark, 1994; Christensen and Bower, 1996;
Benner and Tushman, 2003, 2015). Whereas several studies have suggested
how organizational structure (Gibson and Birkinshaw, 2004; O’Reilly and
Tushman, 2008; Markides, 2013) or other methods like innovation portfolio
management (Klingebiel and Rammer, 2014; Brasil et al., 2021) might help to
transcend this tradeoff, our results suggest that creating pluralistic methodolo-
gical environments could also offer a solution, particularly in the context of
new-product innovation.

Implications for Theories of Strategy and IT

Our theory and findings also have potential to inform a broader set of theories
about data-driven decision making in organizations. Research at the intersection
of strategy and IT, for example, offers evidence of a broad-based empirical pat-
tern: that organization-level adoption of quantitative analysis increases overall
sales and productivity (Brynjolfsson and McElheran, 2016, 2019; Wu, Lou, and
Hitt, 2019; Koning, Hasan, and Chatterji, 2022). We add to this literature by
identifying the types of data analysis used as an underappreciated factor contri-
buting to this variation in firm performance.

Prior research in this vein has further posited that adoption of data-driven
decision making contributes most beneficially to certain types of innovations
that are amenable to quantitative analysis (e.g., process-oriented or incremental
innovation) (Wu, Hitt, and Lou, 2020) and less helpfully to novel innovations.
Our study is broadly consistent with this thesis but offers an important modifi-
cation: The impact of data analytics depends not just on the nature of the
innovation (e.g., novel or incremental) but also on the types of data analysis
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(quantitative and qualitative). In fact, organizations are most successful and pro-
duce the most hits (even when producing novel products) when the two types
of analysis are heavily used together.

By specifying qualitative analysis as an important complement to quantita-
tive analysis in assessments of new-product innovation potential, our study
suggests that the effectiveness of quantitative analytics may be more context-
dependent than has previously been theorized (Harris, Johnson, and Souder,
2013). According to our theory, quantitative analysis is particularly useful for
evaluating potential products whose value propositions are familiar to custom-
ers and observable in aggregate trends. But dynamic consumer tastes and
competitive positions can fundamentally change the data-generating process
with regard to factors that can drive outsize commercial successes in the future
(Felin and Zenger, 2017, 2018; Zellweger and Zenger, 2023; Allen, 2024).
Similar to how qualitative analysis is used in academic research (Edmondson
and McManus, 2007; Tidhar and Eisenhardt, 2020), qualitative analysis comple-
ments quantitative analysis by prompting organization members to question
assumptions in light of new unquantified opportunities or to notice anomalies
that do not match the historical data-generating process.

Implications for Organizational Culture and Innovation Strategy

Finally, our study contributes to a stream of research that seeks to link ele-
ments of an organization’s culture to its strategic performance (Chatman and
O’Reilly, 2016; Groysberg et al., 2018; Dyer, Gregersen, and Christensen,
2019; Li and van den Steen, 2019; Corritore, Goldberg, and Srivastava, 2020).
Prior literature has examined how certain aspects of an organization’s culture
(such as decision-making consensus and norms for change) influence the orga-
nization’s adaptability in dynamic environments (Sørensen, 2002; Chatman
et al., 2014), the success of its mergers and acquisitions (Marchetti, 2019), and
the efficiency of its global expansions (Kogut and Singh, 1988; Siegel, Licht,
and Schwartz, 2013). Our theory and results point to another way that ele-
ments of an organization’s culture can impact strategy: by shaping how its
members perceive and pursue innovation opportunities. This perspective has
repeatedly been called for in conceptual studies (Gavetti, 2012; Felin and
Zenger, 2017; Puranam, 2018; Li and van den Steen, 2019; Furr and Eggers,
2021) but has seldom been examined empirically.

In our context, the use of quantitative and qualitative analysis was embed-
ded in organizational norms, specifically, prevailing norms about which methods
were acceptable for use in market analysis. Our own interview data suggested
that top management influences new-product decisions not only by directly
deciding which innovations to pursue but also by signaling which types of
evidence are legitimate and acceptable. For instance, one manager (#21)
recounted that a chief executive viewed quantitative marketing-mix models as
‘‘the only true data to make a decision on whether to launch a product’’—a
stance that had encouraged organization members to doggedly pursue projects
fitting that description, with disappointing results. By contrast, other leaders
(#1) designed what they called ‘‘a body-of-evidence approach,’’ which encour-
aged embracing the uncertainty inherent in using multiple kinds of analyses to
generate more hit products. Our theory and observations thus expand the
scope of strategy research by highlighting strategic leaders’ indirect influence
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on innovation outcomes given that they preside over an organization’s norms.
Consequential decisions about which innovations to pursue may thus be heav-
ily shaped by these norms regarding data analysis, not just by top-down strate-
gic decisions.

Recognizing a link between elements of culture and innovation strategy
allows for a reframing of the role of strategic leaders in organizations. Prior
research has emphasized leaders’ roles as decision makers (Eisenhardt and
Zbaracki, 1992), as organizational designers (Csaszar and Eggers, 2013; Keum
and See, 2017; Piezunka and Schilke, 2023), and as interfaces with external
stakeholders (Khurana, 2011; Bermiss and Murmann, 2015) in contributing to
firms’ strategic performance. Our study advances a view of leaders as orches-
trating an environment whose prevailing beliefs and practices are conducive to
effective strategic and innovative decision making.

In seeking to link organizational norms to innovation, our post-hoc analysis
of intra-personal methodological pluralism is instructive. We found that moder-
ate methodological specialization among individuals enhances innovation, but
excessive specialization can be counterproductive. One plausible explanation
for this is that specialization in a method or type of analysis is beneficial
for developing deep expertise, but it is detrimental for individuals to be so
specialized that they cannot productively collaborate with others who use
different methods (see Lamont, 2009). Leaders aiming to foster innovative
organizational norms, therefore, may seek to foster an organizational culture
in which a moderate degree of individual-level pluralism is celebrated and
encouraged. This approach may facilitate an organization and culture that
values insights from various methodologies while being rooted in deep
expertise in a particular method. Further exploration of the mechanisms
driving this inverted U-shaped relationship in individual methodological
specialization is a promising area for future research.

Limitations and Future Directions

This study’s limitations present several promising avenues for future research.
First, the sample was limited to large CPG firms, which may not represent
other contexts. Startups, for example, experience less inertia and are more
accustomed to uncertainty (Shane and Venkataraman, 2000; Bhide, 2003;
Gao and McDonald, 2022; DeSantola, Gulati, and Zhelyazkov, 2023), poten-
tially facing fewer organizational constraints for effective resource allocation
(Burgelman, 1991; Christensen and Bower, 1996; Sarasvathy, 2001; Katila and
Shane, 2005; Choudhury, 2017; Pisano, 2019). Future studies could investigate
whether startups, despite facing similar individual constraints, encounter fewer
organizational barriers, such as difficulties in obtaining internal resources for
initiatives that diverge from the organization’s preferred methods of analysis
(Katila et al., 2022). Furthermore, our findings from a consumer-focused setting
might not apply to business-to-business sectors or areas with less emphasis on
market research. For instance, in consumer products settings, market uncer-
tainty (‘‘what will customers want?’’) often outweighs technological uncertainty
(‘‘how can we make it?’’) (see also Eggers, Grajek, and Kretschmer, 2020). This
contrasts with sectors like biotech, in which the reverse is true.

Second, our primary archival results were not able to test all theorized
mechanisms at different levels of analysis. Future research could clarify the
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extent to which commercial success may be driven by certain group dynamics
such as consensus within and between teams, by exceptional teams, or by
other team-level variation in decision making and learning (Madhavan and
Grover, 1998; Edmondson, 2002; Edmondson and Nembhard, 2009; Cummings
and Haas, 2012; Ching, Forti, and Rawley, 2024). Furthermore, the question of
how effectively these methods were used remains; prior research suggests that
the effectiveness of integrating expertise may be more critical than its preva-
lence in an organization (Dosi, Nelson, and Winter, 2000; Eisenhardt and Martin,
2000; Cummings, 2004; Subramaniam and Youndt, 2005; Cummings and Haas,
2012). This opens opportunities for further development of meso- and multi-
level theories of methodological pluralism in innovation.

Finally, the rise of generative AI and other machine-learning techniques for
analyzing unstructured data (Choudhury, Allen, and Endres, 2021; Allen and
Choudhury, 2022; Dell’Acqua et al., 2023; Grimes et al., 2023) has sparked dis-
cussions of the possibility of fully automating new-product innovation. Our field
observations suggest that despite its increasingly multi-method toolkit, AI may
still lack important human attributes that are essential for successful innovation.
While AI algorithms excel at identifying and replicating patterns, they are less
adept at actively engaging with data—questioning it and conducting new analy-
ses to innovate beyond existing data-generating processes. Humans, with their
ability to think and act flexibly in dynamic environments, still retain a significant
advantage (Weiser and Von Krogh, 2023; Felin and Holweg, 2024). Nonetheless,
AI’s ability to integrate both quantitative and qualitative insights presents exciting
opportunities for future research on the collaborative decision-making processes
of humans and machines in innovation.
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