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Abstract. Consumers and other audiences often penalize products that combine unrelated 
elements. In this paper, we document the consequences of that penalty for the evaluation of 
the elements being combined. Building on the idea that audiences cannot fully disentangle 
the quality of “fit” between elements from the quality of the elements individually, we argue 
that audiences are likely to direct their dislike of a misfit product to the individual elements 
being combined. Using an archival study of the music industry and an online experiment 
with photographic galleries, we find that evaluations of individual elements (songs, photo
graphs) are influenced by product-level fit (albums, galleries). Elements of misfit products 
are evaluated less favorably than they would have been otherwise. Moreover, this bias is 
exacerbated when the evaluation of the whole product is emphasized. We discuss the impli
cations of this “misfit bias” for the innovation, entrepreneurship, and categories literatures.
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Introduction
New products, services, and ideas often combine distant 
or unrelated elements. Indeed, such combinations are a 
central feature of innovation (Schumpeter 1934) despite 
the fact that, on average, consumers and evaluators tend 
to discount them (Negro et al. 2010, Boudreau et al. 
2016). Scholars have examined this discount using a 
multitude of theoretical perspectives, including innova
tive, cognitive, and normative lenses (Cutolo and Fer
riani 2024), in a wide range of empirical settings such as 
feature films (Hsu 2006), restaurants (Rao et al. 2005, 
Kovács and Hannan 2010), wines (Negro and Leung 
2013), loans (Leung and Sharkey 2014), scientific publi
cations (Uzzi et al. 2013), and new technologies (Fleming 
2001, Fleming et al. 2007). The core idea is that indivi
duals are more likely to ignore or punish a product with 
misfit1 elements because they may view it as confusing 
or illegitimate (Hsu 2006, Negro and Leung 2013, Leung 
and Sharkey 2014).2 Although previous literature has 
extensively studied how crossing boundaries affects the 
evaluation of new combinations, it has largely over
looked the impact on the underlying elements being 
combined.

One reason for this omission is that in many combina
tions, the elements being combined are not easily distin
guishable. For example, movies often mix elements 
from different genres, making it difficult to decompose 
a consumer’s rating of a romantic comedy into the inde
pendent quality of its romance versus comedy elements. 
This type of “melting pot” combination fuses together 
different elements to create something new. By contrast, 
other combinations are more akin to “salad bowls” in 
that they contain elements that can be independently 
identified, consumed, and evaluated. A music album 
contains songs; a gallery contains artwork; a book con
tains chapters; an academic course contains individual 
sessions; and an interior design contains different furni
ture pieces of various shapes, materials, and colors. 
Notably, producers of albums, galleries, books, and 
courses evaluate the quality of individual elements as 
they choose what to include in their future creations. 
Misjudgment about the quality of an element because of 
its inclusion in a novel combination might thereby affect 
the element’s prospects, as well as those of its creators. 
Yet prior research has largely overlooked the possibility 
of such an effect.
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In this paper, we ask how the quality perception of 
these individual elements is affected by the combina
tions in which the elements appear. Specifically, we posit 
that when faced with a product that combines distant or 
unrelated elements, consumers will not only react more 
negatively (on average) to the product itself—the base
line prediction from the literature—but will also evalu
ate its individual elements more harshly.

Our argument starts with the observation that the 
quality of any combinatory creation is a function of at 
least two traits: (1) the individual quality of each ele
ment being combined and (2) the extent of fit (or misfit) 
between those elements. Drawing on research from 
organizational psychology on the halo effect, we then 
argue that, although these two traits, namely fit and the 
quality of each element, are in principle independent 
from each other, individuals may not fully distinguish 
them from each other as part of their evaluation.

The halo effect, first identified by Thorndike (1920), 
highlights how evaluators often fail to assess distinct 
attributes independently (Nisbett and Wilson 1977). For 
example, research shows that consumers infer health ben
efits for unspecified aspects of a product based on claims 
about other features (Andrews et al. 1998, Roe et al. 1999), 
and physically attractive individuals are often rated more 
favorably on unrelated traits like intelligence or sociabil
ity (Feingold 1992). The theoretical models of the halo 
effect suggest that the evaluation of an attribute can bias 
the evaluation of other attributes either through direct 
spillover or through affecting the general impression of 
the overall target (person or product) (Fisicaro and Lance 
1990; Lance et al. 1994a, b). Given that fit (or misfit) by def
inition is a general trait of a multielement product, a nega
tive perception of fit can spillover on the evaluation of 
other traits, namely the quality of individual elements, 
both directly and via lowering the general impression of 
the product as a whole. Consequently, we argue that an 
element of a product will be rated less favorably when 
the product has lower fit between its elements than when 
the product has higher fit between its elements. Follow
ing the same logic, we further argue that this penalty may 
be exacerbated when individuals first conduct a holistic 
evaluation of a product before evaluating its elements, 
because thinking about the product as a whole prompts 
individuals to see misfit more saliently.3

Testing these arguments empirically is difficult, not 
least because it requires large-scale performance data on 
the evaluation of individual elements. In many contexts, 
such data are not systematically measured; for example, 
universities, in an effort to help students select between 
courses, collect course evaluations but not individual 
session evaluations. Moreover, examining the effect 
of misfit on the evaluation of elements faces identifica
tion problems because of potential spurious correlation 
between the quality of elements and the extent of fit 
between them in a product.

To address these challenges, we employ a two-part 
empirical strategy using observational data and an 
experiment. Our observational analyses leverage fea
tures of the music industry, where although songs have 
historically been released and purchased as part of an 
album, they also have their own performance outcomes. 
Our analyses show a strong negative relationship bet
ween the level of misfit between songs on an album and 
an individual song’s likelihood of making it to the Bill
board Hot 100 chart. We then exploit a quasi-natural 
experiment in the industry: the rapid change in the con
sumption of music from being mostly in the form of 
combinations (albums) to individual elements (songs) 
in the early 2000s. In line with our arguments, the nega
tive effect of misfit shrinks significantly when the bun
dle is less salient—that is, after consumers shift from 
album consumption to the less bundled consumption of 
individual songs.

The archival analysis has the advantage of showing 
how misfit affects the evaluation of elements, using real- 
world data in an important industry. However, this 
analysis suffers from potential endogeneity and mea
surement issues. Therefore, to complement the archival 
analysis, we also conduct an online laboratory experi
ment in which we fully randomize the extent of fit 
between elements while controlling for their quality. 
We find similar results, supporting our arguments.

This paper makes contributions to at least two long- 
standing literatures. First, a vast literature has highlighted 
the (generally negative) performance implications of 
bringing distant elements together for the evaluation of 
the whole (Hsu 2006, Leung and Sharkey 2014). We seek 
to complement this stream of work by highlighting that 
those combinations affect the evaluation not only of the 
whole but also of its parts. Second, scholars of creativity 
and innovation have long described distant combina
tions with optimism. Although such combinations tend 
to lead to worse average outcomes, they can also pro
duce breakthrough ideas (Chai 2017, Leahey et al. 2017). 
This paper highlights a hitherto unrecognized cost of 
distant combinations—that they can negatively affect 
the evaluations of individual elements. In addition, our 
theory and findings also speak to a broader set of organi
zational phenomena related to the difficulty of assessing 
individual performance in a team or the evaluation of 
firm resources when they generate value as a bundle.

Empirics
We test our prediction using two different approaches. 
First, we analyze an archival sample of approximately 
473,000 music tracks belonging to about 40,000 albums 
released between 1998 and 2005. We show (consistent 
with our first prediction) that the level of misfit between 
tracks on an album negatively and significantly affects 
the likelihood that a song from the album will appear on 

Stroube, Vakili, and Bikard: The Misfit Bias 
Organization Science, 2025, vol. 36, no. 5, pp. 1676–1689, © 2025 The Author(s) 1677 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

05
] 

on
 1

3 
Ju

ly
 2

02
6,

 a
t 1

6:
12

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



the Billboard Hot 100 chart, a common indicator of song 
success. We then show (consistent with our second pre
diction) that the effect of fit on the success of songs on an 
album drops significantly after a shift in music con
sumption from CD albums to unbundled consumption 
of music tracks after 2001. Although we believe these 
results are consistent with our arguments, the analysis 
of observational data introduces some clear limitations, 
including the fact that we cannot observe the same ele
ment as it is used in different combinations, making it 
impossible to completely rule out some types of omitted 
variable bias.

Therefore, we also design an online experiment in the 
context of art galleries to further isolate the role of fit as 
the driving mechanism. Our results show that even 
when the quality of an element, in this case a photo, is 
fixed, its evaluation by individuals significantly drops 
when it is included in a less-fit gallery compared with 
a more-fit gallery. We also find that the misfit bias 
increases when participants are asked to rate the gallery 
before the individual photos (as opposed to rating the 
photos before the gallery).

Archival Analysis in the Music Industry
In our first set of analyses, we examine how the extent of 
misfit between tracks on a music album influences the 
success rate of individual tracks. In line with our theoreti
cal prediction, we expect that tracks included on a less-fit 
album will face a perceptual penalty and therefore per
form worse in the market than tracks on albums with 
greater fit. Furthermore, as albums become less impor
tant as units of consumption, this penalty will decrease.

To test the first argument, we first construct a mea
sure of misfit at the album level using the sonic features 
of songs included on the album and subsequently show 
that songs on more misfit albums are less likely to 
appear on the Billboard Hot 100 charts.

To test the second of these arguments, we use an 
important shock in the music industry: the dramatic shift 
in music consumption around 2001 from predominantly 
CD albums to the unbundled consumption of single 
tracks. Music sales reached their peak in 2000. That year, 
individual consumers in the United States purchased 
more than 900 million CD albums (Covert 2013). Singles 
sales—the sale of individual song tracks—were a drop in 
the bucket until then, particularly because it was not eco
nomically justifiable in most cases for labels and music 
producers to put a single track on a CD or cassette. As a 
result, aside from listening to radio stations, until 2000, 
music consumption was primarily in the form of pur
chasing and listening to music albums on CDs and cas
settes. However, the music digitization trend that began 
with the introduction of the mp3 format in 1993 increased 
significantly in 2001 and 2002, until eventually digital 
sales of single tracks outpaced sales of CD albums by 
2006.4 The introduction of the iTunes music player in 

January 2001, the iPod in October 2001, BitTorrent—the 
file-sharing adware used heavily for downloading digital 
media—in July 2001, and eventually the release of the 
iTunes store in April 2003 changed the face of the music 
industry in the span of two years. Figure 1 shows the sud
den downfall of album sales beginning in 2000. We use 
the year 2001 as the beginning of the shock and conduct 
various robustness checks.

Our theoretical argument suggests that before 2001, 
when music was consumed primarily in the form of 
albums, the extent of fit between album tracks should 
affect the perceived quality and therefore success of 
these tracks. However, with the shift to unbundled con
sumption of tracks, the fit between album tracks should 
matter less for the success of individual tracks. Our core 
assumption is that the change in consumption patterns 
that began in 2001 did not affect the level of fit in albums 
in the short term. Indeed, as we show further below, the 
average level of fit between album tracks does not mate
rially change during the period we study.

Archival Data
We collected data for our archival analysis from two 
sources. Data on songs, albums, and artists come from a 
Spotify data repository available on Kaggle. These data 
were originally collected via the Spotify API and cover 
more than 1.2 million songs. For the purpose of our 
analysis, we used data on albums released between 
1998 and 2005. We further excluded albums longer than 
148 minutes (equivalent to two standard CDs contain
ing uncompressed stereo digital audio), shorter than 20 
minutes, or with fewer than five songs on them. Finally, 
we excluded songs that were shorter than 1 minute or 
longer than 9.2 minutes (more than three standard devi
ation above the mean). We also excluded albums for 
which we did not have clear artist or genre data. Our 
final data set includes 31,925 albums and 359,040 tracks.

The data for each track include title, duration, position 
on the album, the album title, artist names, and release 
year. In addition, the data include 11 sonic features of 
each song such as its valence, acousticness, energy, and 
tempo. These features were derived algorithmically by 
Echo Nest (acquired by Spotify in 2014) based on the 
musical content of each song, using advanced music 
information-retrieval techniques. Together, these features 
approximately represent what people hear when they lis
ten to a particular track. Following Askin and Mauskapf 
(2017), we use the features to calculate the distance 
between songs: in other words, the fit between them. 
Much research on categories relies on category labels 
(e.g., “jazz” or “rock” in the context of music) to infer cat
egory boundaries and fit. These labels work well when 
product markets are stable and boundaries between cate
gories are clear. However, in the context of cultural pro
ducts such as music, they may not provide adequate 
or accurate information to consumers. As a result, 
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individuals may rely more on underlying products’ fea
tures to make sense of their categories and fit (Lena 2006, 
Jones et al. 2012, Rossman and Schilke 2014, Askin and 
Mauskapf 2017). Askin and Mauskapf (2017), in particu
lar, show that a fit measure based on these features can 
strongly predict the popularity of songs in line with the 
“optimal distinctiveness” predictions. Each feature is 
normalized to a zero to one scale to ensure that no speci
fic feature skews the fit measure. Similar to Askin and 
Mauskapf (2017), we collapsed these 11 measures into 
a single vector for each song.5

Predictor Variables. Our first main independent vari
able is the level of fit between tracks on an album. We 
calculate it as the arithmetic mean of cosine similarities 
between all track-pairs on an album. The formula for 
calculating the extent of fit between tracks on an album 
is as follows:

Album_Fit �
X

all track pairs i, j
in the album

Si · Sj

Si| || | Sj
�
�
�
�

�
�

�
�
, 

where Si and Sj are the vectors of sonic features of tracks 
i and j of the album, respectively; Si · Sj is the inner prod
uct of the Si and Sj vectors; and Si| || | and Sj

�
�
�
�

�
�

�
� are the 

sizes of the two vectors. Note that level of fit between 
tracks on an album is defined at the album level and is 
the same for all songs on the album.

We illustrate the measure by comparing two well- 
known albums from our sample: Kid A, by Radiohead, 
released in 2000, and Come on Over, by Shania Twain, 
released in 1997. In his review of the Radiohead album 
in Pitchfork, Brent DiCrescenzo (2000) famously wrote 
about the diversity of music on Kid A (Enis 2020):

“Comparing this to other albums is like comparing an 
aquarium to blue construction paper. And not because 
it’s jazz or fusion or ambient or electronic. Classifications 
don’t come to mind once deep inside this expansive, 
hypnotic world.”

David Fricke (2000), in his Rolling Stone review of the 
album, noted, “If you’re looking for instant joy and easy 
definition, you are swimming in the wrong soup”. The 
Wikipedia entry for the album notes that “Kid A has 
been described as a work of electronica, experimental 
rock, postrock, alternative rock, post-prog, ambient, 
electronic rock, art rock, and art pop” and cites 13 differ
ent external sources to justify those categories (Wikipe
dia 2022).

Shania Twain’s Come on Over provides a contrasting 
example. The album was wildly successful and, accord
ing to Guinness World Records, is the all-time “biggest- 
selling studio album by a female solo artist” (Guinness 
World Records 2015). Even though Twain, as an artist, 
pioneered “pop-country” crossover music, the songs on 
the album did not feature the type of variance that was 
clear in the Radiohead example. In a review of the 
album in Pitchfork, Allison Hussey (2021) wrote:

Figure 1. (Color online) Decline of Album Sales 

Source. Recording Industry Association of America; riaa.com/u-s-sales-database/.
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“With the smeared edges of their production, Twain 
and Lange [the producer] master the illusion of genre, 
as if they fashioned Come on Over into a plastic lentic
ular print.”

Consistent with these descriptions, Kid A receives a fit 
score of 0.68 based on our measure, placing it in the bot
tom 5% of albums in our sample in terms of fit between 
its tracks. By contrast, Shania Twain’s Come on Over 
receives a fit score of 0.93, placing it in the top 5% of the 
most-fit albums in our sample.

Dependent Variables. We use the weekly Billboard Hot 
100 charts to measure the general performance of songs 
in our sample. The Billboard Hot 100 is the standard 
record chart for songs in the United States. The chart 
ranking is published by Billboard magazine each week 
and incorporates data on sales, radio plays, and, more 
recently, online streaming in the United States. Appear
ance on the Billboard Hot 100 is commonly used as a 
measure of song popularity and performance in research 
(Askin and Mauskapf 2017, Chang 2023).

We use two different measures to calculate the popu
larity of songs in our sample. The first variable is a 
dummy indicator capturing whether a song appeared 
on the Billboard Hot 100 charts in the year it was 
released. The second variable captures the number of 
weeks each song stayed on the chart. We use song titles 
and release years to match tracks from the Spotify data 
to the Billboard Hot 100.

We note some caveats with this measure. Theoreti
cally, we are interested in measuring consumers’ evalu
ation of each song. Although the evaluation of a song by 
consumers certainly affects its sales and radio plays, 
and hence its likelihood of appearing on the Billboard 
list, there are at least three issues we wish to address. 
First, it is possible that how much a musician cares 
about the Billboard Hot 100 is systematically correlated 
with her taste for experimentation. For example, musi
cians who care less about the Billboard list might also do 
more experimentation and therefore produce albums 
with higher levels of misfit. Similarly, one could argue 
that higher-quality artists might produce more fit albums 
but also spend more on marketing their songs and hav
ing them played on the radio. We address these issues, to 
the extent possible, by including artist fixed effects in our 
analysis. Artist fixed effects should in principle control 
for time-invariant qualities of artists and their preference 
for having their songs on the Billboard list.

Second, one might be concerned that the appearance 
of a song on the Billboard Hot 100 chart is more affected 
by what radio stations and retailers like than what the 
average consumer likes. To the extent that radio stations 
and retailers can predict what consumers like on aver
age, our measure should still work but contain noise. At 

the same time, theoretically one could argue that an 
important audience for any song is the set of individuals 
deciding whether to play that song on their radio sta
tions or sell it more prominently in their stores. As a 
result, our arguments would still extend to this group 
and would naturally lead to the same predictions if we 
use appearance on the Billboard Hot 100 as a proxy for 
how the audience (in this case, radio stations and retai
lers) evaluate a song.

Third, one might be concerned that the 2001 shock to 
the consumption patterns of consumers has also affected 
the production side and the broader institutional envi
ronment. As a result, what we might attribute as the 
effect of decline in the salience of album fit among consu
mers might be instead driven by production-side or insti
tutional factors. There is clearly some evidence that both 
the production side and the broader institutional envi
ronment eventually adapted to the change in consump
tion patterns (Zanella et al. 2022, Chang 2023). For 
example, Billboard began tracking and including paid 
digital downloads in its ranking in February 2005, the 
final year in our sample. However, in our robustness 
checks, we show various evidence suggesting that such 
changes did not occur immediately after the shock and 
most likely took a few years to happen. For example, we 
do not observe any change in the average level of album 
fit between 2001 and 2005 compared with the preshock 
period. Similarly, we do not see any systematic change in 
the average sonic features of songs within each genre. 
Finally, we do not see any sorting by artist quality into 
experimentation with fit postshock.

That said, our evidence, particularly for the relation
ship between misfit and appearance on the billboard 
chat, is correlational. Therefore, we caution against 
interpreting the results of our archival analysis as 
causal. Our laboratory experiment was partly motivated 
to alleviate these causality concerns.

Control Variables. We use several control variables in 
our analysis. First, to ensure that our results are not 
driven by outlier songs, that is, by songs that do not fit 
other songs on their corresponding album, we control 
for the average cosine similarity between the focal track 
and other tracks on the album. We also control for 
length of each track, the track’s position on the album, 
number of tracks on the album, and the primary genres 
assigned to the album. We also control for how strongly 
a track represents its genre (or deviates from it) by 
including a measure of cosine similarity between the 
track’s vector of sonic features and the vector of average 
sonic features for its primary genre.6 We also include 
both artist and year fixed effects to control for the idio
syncratic characteristics of artists and the general macro 
trends in music production and consumption.
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Estimation Model for the Archival Analysis
To test our first prediction, we use the following model 
to estimate the effect of fit between tracks on track per
formance:
Billboard_Appearanceiat � β0 + β1Album_Fiti + Xit + Aa

+ Tt + eiat, 
where i indicates songs, a indicates artists, t indicates 
year, Aa indicates artist fixed effects, Tt indicates year 
fixed effects, and Xit is the set of aforementioned control 
variables.

Next, to examine how the results change after the shift 
away from album consumption in 2001, we use the fol
lowing model:

Billboard_Appearanceiat � β0 + β1Album_Fiti

+ β2Album_Fiti × Post_2001t

+ Xit + Aa + Tt + eiat, 

where Post_2001t is a dummy equal to one for years after 
2001 and zero otherwise. We cannot include Post_2001 
as a separate variable in the regression because its effect 
will be fully absorbed by year fixed effects. Main results 
are produced using linear ordinary least squares (OLS) 
estimations. Given that the fit measure is constructed at 
the album level, standard errors are also clustered at the 
album level.7

We further use an OLS regression to estimate the 
effect of album fit on the number of weeks that a song 
appears on the chart, including the same set of indepen
dent and control variables as before.

Archival Analysis Results
Table 1 reports the descriptive and summary statistics 
for the variables in our analysis. The typical album in 
our sample has about 13 tracks. The average track lasts 
about four minutes and has about 0.5% chance of 
appearing on the Billboard Hot 100 chart. The average 
album has a high level of fit between its tracks, at 0.84 
cosine similarity score, suggesting that album tracks are 
often quite similar to each other in terms of their sonic 
features. The average track also closely resembles the 

prototypical features of its genre. The average cosine 
similarity between tracks’ sonic features and the aver
age sonic features of their genre is 0.905. Table A1 in the 
Online Appendix reports the correlations between all 
variables.

Column 1 in Table 2 reports the association between 
album fit and the likelihood of each song in the album 
appearing on the Billboard Hot 100 chart. Consistent 
with our first prediction, the estimated coefficient of 
Album fit suggests that a one-standard-deviation increase 
in fit between tracks on an album increases the odds of 
each song appearing on the Billboard Hot 100 chart by 
approximately 16%. In column 2, we introduce the inter
action with the Post_2001 dummy. The interaction effect 
in column 2 suggests that the positive effect of album fit 
drops significantly after 2001, in line with our section 
prediction. The estimated effect suggests that while a 
one-standard-deviation increase in fit between tracks is 
associated with a 24% increase in the chance of each song 
appearing on the Billboard Hot 100 before 2001, this effect 
drops to only 9% after 2001, a decline of 15 percentage 
points relative to the pre-2001 odds.

Columns 3 and 4 report the results for the second 
dependent variable, the number of weeks that a track 
stays on the Billboard Hot 100. Again, the results in col
umn 3 show a positive association between the level of 
fit at the album level with the likelihood that each song in 
the album would appear on the Billboard Hot 100 charts. 
A one-standard-deviation increase in album fit is associ
ated with an increase of 16% in the number of weeks a 
song stays on the chart. The estimates in column 4 further 
suggest that, although a one-standard-deviation increase 
in album fit increases the number of weeks that a song 
appears on the chart by approximately 24% relative to 
the baseline before 2001, after 2001 this relationship drops 
by 16 percentage points, to roughly 8%.

The results confirm our theoretical prediction that in 
contexts where an individual element is consumed as 
part of a whole, the extent of fit between the composing 
elements affects how consumers evaluate the quality of 
the focal element. Moreover, the findings are consistent 
with the idea that as the salience of the whole, that is, 

Table 1. Descriptive Statistics (Archival Analysis)

Variable Observations Mean Standard deviation Minimum Maximum

Album level
Number of tracks 31,925 12.802 2.871 8 20
Album fit 31,925 0.840 0.061 0.425 0.993

Track level
Appearance on Billboard Hot 100 359,040 0.006 0.076 0 1
Number of weeks on Billboard 359,040 0.048 0.645 0 9
Track similarity 359,040 0.843 0.089 0.087 1.000
Track length (minutes) 359,040 3.969 1.320 1.000 9.200
Order of track on the album 359,040 7.228 4.227 1 20
Similarity to genre 359,040 0.905 0.058 0.330 0.997
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albums in this context, drops, the misfit bias would also 
fall.

We ran several additional robustness checks. Figure 
A1 in the Online Appendix shows the yearly effects of 
album fit on the likelihood of a song appearing on the 
Billboard Hot 100, confirming that the drop in the effect 
of album fitness begins in 2001 and continues until 2005. 
Table A2 further shows the analysis with various alter
native estimation models including logit with condi
tional fixed effects, OLS with errors clustered at the 
artist level, and OLS with errors clustered at both artist 
and album fixed effects. The results are again in line 
with those reported in Table 2.

We also conducted analyses to address various alter
native explanations that may explain the drop in the 
impact of fit after 2001. First, one might be concerned 
that artists responded to the 2001 shock by changing the 
level of fit among their songs on an album. Figures A2 
and A3 in the Online Appendix show that the average 
level of fit between tracks on albums and the sonic fea
tures of tracks in our sample do not change in any mate
rial way after 2001, suggesting that the results are 
unlikely to be driven by systematic changes in how 
artists produced music. There is also the possibility that 
only higher-quality artists engaged in more experimen
tation after 2001, essentially reducing the level of fit on 
their albums. As a result, what we observe as the decline 
in the impact of fit might alternatively be explained by 
an increase in the quality of albums that have higher 

misfit after 2001. To test this idea, we examined how 
album fit changed differentially for artists who already 
had at least one hit on the Billboard Hot 100 chart during 
the pre-2001 period in our sample. Table A3 in the 
Online Appendix reports the results of this analysis. 
The interaction between an artist’s having a Billboard 
song during the preshock period and the post-2001 
dummy is not significant and is also in the opposite 
direction of what this alternative explanation would 
suggest.

Laboratory Experiment
The main results presented in the previous section sup
port our arguments. However, they have two limitations. 
First, despite various robustness checks, our empirical 
design does not allow for a strong causal interpretation. 
To establish true causal evidence, we should compare the 
same song with itself having higher or lower album fit, 
something impossible to do in our observational data. 
Second, the results cannot rule out the possibility that 
individuals may penalize tracks on a less-fit album based 
on inferences about the quality of the album producer, 
such that a song is perceived as worse because the pro
ducer releases inconsistent songs. Therefore, the lower 
success of tracks on albums with poor fit might be driven 
by lower perceptions of producers’ quality rather than fit 
per se.

To address these issues, we conducted an online labo
ratory experiment. The experiment further allows us to 

Table 2. Archival Analysis Results

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

Appearance on 
Billboard Hot 100

Appearance 
on Billboard Hot 100

No. of weeks 
on Billboard Hot 100

No. of weeks 
on Billboard Hot 100

Album fit 0.016*** 0.024*** 0.123** 0.191***
(0.006) (0.007) (0.050) (0.059)

Album_Fit × Post_2001 �0.015** �0.124**
(0.007) (0.061)

Track similarity �0.003 �0.003 �0.017 �0.017
(0.002) (0.002) (0.019) (0.019)

Track length (minutes) 0.000*** 0.000*** 0.003*** 0.004***
(0.000) (0.000) (0.001) (0.001)

Number of tracks 0.000*** 0.000*** 0.002*** 0.002***
(0.000) (0.000) (0.001) (0.001)

Track order �0.001*** �0.001*** �0.005*** �0.005***
(0.000) (0.000) (0.000) (0.000)

Similarity to genre 0.002 0.002 0.013 0.012
(0.003) (0.003) (0.024) (0.024)

Constant �0.005 �0.012* �0.037 �0.094*
(0.005) (0.006) (0.046) (0.053)

Genre fixed effects Yes Yes Yes Yes
Artist fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of observations 359,040 359,040 359,040 359,040
Adjusted R2 0.018 0.018 0.018 0.018

Notes. The analysis is at the track level. The estimation is based on OLS regression with robust standard errors clustered at the album level.
***p < 0.01; **p < 0.05; *p < 0.1.
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triangulate our findings from the archival analysis in a 
more controlled environment. It also provides additional 
evidence for our prediction in a different setting from the 
music industry—art galleries. Note that one reason for 
choosing photographic galleries for the experiment, in
stead of music albums, is that a gallery can be consumed 
much more quickly. Asking experimental participants to 
listen to randomly constructed albums would not have 
been economically feasible at scale given the time re
quired, nor would we have been able to ensure partici
pants actually listened to the albums.

In the laboratory experiment, we presented partici
pants with a gallery of three photos and asked them to 
rate how much they liked the gallery as well as each of 
the photos in the gallery individually, on a 0–10 scale.8
The design of our outcome variables is based on the 
increasingly common consumer ratings found on online 
platforms (e.g., IMDb, Goodreads, Yelp) that have been 
studied in prior work (Sharkey et al. 2023). Participants 
were provided the following instructions at the start of 
the experiment:

A few professional photographers have each sent us 
one photo from their portfolios. We would like to cre
ate a gallery composed of three photos from this set 
of photos. To do so, an algorithm has generated all 
possible galleries that can be created by randomly 
picking three photos from the set. We would like to 
get your opinion on one of these galleries and the 
photos included in it.

The goal of this prompt was to minimize the potential 
for participants to draw inferences about unobserved 
producer quality on two fronts. First, it informs partici
pants that each photo was sent to us by a separate photog
rapher, meaning that the quality of one photo should not 
be directly related to the existence of another photo, one 
of the mechanisms already explored in the literature on 
the perceptual effects of category spanning (Negro and 
Leung 2013). Second, it highlights that the fit between the 
three photos is random and that no producer has been 
involved in actively curating the galleries.9

The photos used in the study were acquired from 
either online photography communities (Flickr.com or 
FStoppers.com), or iStock, a well-known stock image 
provider. In the case of the former, we acquired explicit 
consent from each photographer to use their photos for 
the purpose of our experiment. In the case of iStock, we 
purchased the rights to the photos directly from the 
website. The perceived quality of photos was tested in a 
pilot study to ensure that none of the photos were 
outliers.

Six photos were used in the final materials. Three 
were black-and-white portraits of women, and three 
were color photos of wild animals. The participants 
were randomly allocated to either a “fit” condition or a 
“misfit” condition. Participants in the fit conditions 

either saw only the three black-and-white portraits or 
only the three wildlife photos. Participants in the misfit 
conditions saw either two portraits (chosen randomly 
from the sample of three) and a wildlife photo (also cho
sen randomly), or two wildlife photos (again chosen 
randomly) and one portrait (again chosen randomly). 
The order of photos in all conditions was randomized to 
control for the potential ordering effect on evaluations. 
Figure 2 shows four different examples of galleries that 
participants in our experiment evaluated.

We also asked participants to explicitly evaluate the 
fit between the photos in the gallery they had evaluated 
(i.e., “How well do you think these pieces fit together?”). 
The perceived fit of the misfit galleries was significantly 
lower than that of the fit galleries, as reported further 
below.

We are interested in the difference between the aver
age evaluation of each photo conditioned on whether 
the photo is shown in a fit or misfit gallery. By including 
photo fixed effects, we can essentially calculate the 
change in the evaluation of photos based on whether 
they appear in a fit or misfit gallery.

Moreover, having two sets of photos (portraits and 
wildlife) allows us to ensure that our results are not 
driven by direct spillover effects. To illustrate how our 
experimental design addresses this concern, consider 
the comparison between a fit gallery composed of three 
portraits and a misfit gallery of two portraits and a wild
life photo. Example Galleries 1 and 2 of Figure 2 depict 
two specific examples of galleries reflecting this descrip
tion. Note that each participant evaluates one only of 
the galleries, and that other galleries reflecting the 
description are possible given our randomization of 
photos and ordering. For our example, assume that the 
observed average rating of the photo of the bear in Gal
lery 2 is lower than the rating of the middle portrait in 
Gallery 1. The negative opinion about the bear in 

Figure 2. Four Examples of Galleries Rated by Participants 

Note. The original photographs used in the experiment are not repro
duced here because of copyright, but the Online Appendix includes 
links to each source.
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Gallery 2 might spill over to the top and bottom photos 
in that column. As a result, what we might interpret as 
the negative effect of misfit in Gallery 2 might instead be 
driven by a direct spillover effect. However, in our 
experimental design, this issue is addressed by including 
another set of photos that mirrors the same configuration 
but instead is composed of three wildlife photos and an 
outlier from the portrait set to create the fit and misfit gal
leries. Example Galleries 3 and 4 in Figure 2 illustrate 
these cases; again, note that the specific order and choice 
of the outlier photo are completely randomized in our 
experiment. The spillover mechanism explained above 
should now lead to a relative positive effect on the top 
and bottom photos in Gallery 4, because the portrait 
photo in the middle of Gallery 4 was assumed to be liked 
more than the bear photo by the average participant. Our 
theory based on the impact of misfit offers a different pre
diction, essentially arguing that the evaluations of the top 
and bottom photos in both Galleries 2 and 4 would be 
lower than for the same photos in columns 1 and 3, 
respectively. Therefore, having both sets of photos allows 
us to pool the evaluations across all comparisons and 
thus cancel out the potential effects of any direct positive 
or negative spillovers driven by comparisons of photos 
within each gallery.

In order to test whether emphasizing the whole can 
exacerbate the misfit bias, we further randomized the 
order in which participants were asked to rate the gal
lery, the individual photos, and the fit. Note that in all 
cases, participants were provided identical instructions 
at the start of the experiment and presented with a sin
gle gallery. However, in line with our prediction, we 
expect participants that were asked to evaluate the gal
lery first to exhibit larger misfit biases when evaluating 
individual photos. In the same fashion, we expect indi
viduals who were asked to evaluate the fit among the 
photos before evaluating the photos to also show a 
greater level of misfit bias, assuming that an evaluation 
of fit prompts individuals to think more holistically 
about the gallery.

For this experiment, we recruited 2,500 participants 
from Prolific, evenly divided between the fit and misfit 
conditions. Participants were required to reside in a 
majority English-speaking country and be fluent in 
English. The majority of participants were from the 
United Kingdom or the United States. Those who had 
participated in any pilot study were excluded from the 
main study. We excluded participants that failed the 
attention tests or were extreme outliers in terms of time 
spent on the experiment (using mean plus two standard 
deviations as the cutoff). The final sample includes 2,330 
participants. Basic demographics are reported in Figure 
A4 of the Online Appendix.

To estimate the impact of misfit on participants’ eva
luations of photos, we use two different approaches. 
Given our across-subject experimental design, where 

each participant views a fit or misfit gallery, in the first 
approach we calculate the average ratings of photos 
evaluated by each participant. Our basic finding is 
based on the comparison of these mean ratings between 
participants that saw each type of gallery. Given that 
Prolific provides a number of participant-level control 
variables, we also regress the average photo ratings on 
whether the participant was shown a fit or a misfit gal
lery using the following estimation model:

Evaluationi � β0 + β1misfit_galleryi + Xi + ei, 

where Evaluationi indicates participants’ average evalu
ation of the three photos they were shown, and misfit_
galleryi is a dummy variable indicating whether the 
participant was shown a fit or a misfit gallery. We 
include controls for participants’ age, gender, employ
ment status, nationality, and how long they took to com
plete the experiment, as indicated by Xi. We use the 
same estimation model to also estimate the impact of 
misfit on participants’ evaluations of the gallery shown 
to them and the fit among the photos, essentially testing 
the baseline expectation from prior research and the 
validity of our fit intervention.

One potential issue with this approach is that, for mis
fit galleries, the average rating of photos incorporates the 
rating of the outlier photo in the gallery. Therefore, an 
observed lower average rating can be driven by partici
pants penalizing the outlier photo rather than penalizing 
the other two photos because of misfit bias. To address this 
issue, we further restructured the data to the participant- 
photo level, essentially creating three observations per par
ticipant, each observation corresponding to each of the 
photos the participant has rated. With this approach, we 
can directly exclude outlier photos from the analysis and 
include individual fixed effects for each photo, as well as a 
control for the order of the photo in the gallery. We use the 
following estimation model for this analysis:

Evaluationip � β0 + β1misfit_galleryip + Xi + Pp + eip, 

where Evaluationip indicates participant i’s evaluation of 
photo p, misfit_galleryip indicates whether photo p was 
shown in a misfit gallery to participant i, Xi is the same 
set of controls as before for participant i, and Pp indicates 
the photo fixed effects as well as a control for the photo 
order in the gallery.

To test our second prediction (whether emphasizing 
the whole exacerbates the misfit bias), we add an inter
action between the misfit indicator and whether the par
ticipant evaluated the gallery before the photos and 
whether the participant evaluated the fit among the 
photos before the photos. In both cases, we expect the 
interaction term to be negative, indicating a worsening 
of misfit bias.
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Laboratory Experiment Results
Table 3 reports the raw results and descriptive statistics 
for the main variables summarized by the fit and misfit 
gallery conditions. First, galleries with three photos of 
the same type (“fit galleries”) were perceived to have 
considerably more fit than the galleries that included an 
outlier photo (“misfit galleries”), confirming the validity 
of our intervention. Consistent with prior research, mis
fit galleries were rated lower overall than fit galleries. 
Our raw main result is reflected in the comparison 
between the average individual photo ratings in the two 
types of galleries. Consistent with our predictions in this 
paper, the individual photos, on average, were rated 
lower if they appeared in misfit galleries compared with 
fit galleries; this was also true when excluding the rat
ings of the “outlier” photos in misfit galleries. The com
parison of means tests for all these differences are 
significant (p < 0.001).

We report the regression version of these results in 
Table 4. Results in column 1 confirm that participants 
could clearly recognize the lower level of fit among 
photos in misfit galleries, rating the fit among the photos 
3.812 points lower when they were presented in a misfit 
gallery than a fit gallery.

The estimated effect in column 2 suggests that partici
pants rated misfit galleries 1.324 points lower than mis
fit galleries, a drop of approximately 18% compared 
with the baseline evaluation of 7.274 for fit galleries. As 
expected, the results confirm prior research suggesting 
that consumers on average penalize products with mis
fit elements.

Results in column 3 show the impact of misfit on the 
average rating of photos. Participants on average have 
rated photos in misfit galleries half a point lower than 
those in fit galleries, a drop of approximately 7% relative 
to the baseline average rating of photos in fit galleries.10

In columns 4 and 5, we introduce the interaction with 
whether participants evaluated the gallery before the 
photos and whether participants evaluated the fit before 
the photos, respectively.

The model in column 4 reports the effect of a partici
pant being asked to rate the gallery before versus after 
rating the individual photos. Participants who were 

asked to rate the photos before rating the gallery rated 
photos in misfit galleries 0.327 points lower than those 
in fit galleries. Participants who were asked to evaluate 
the gallery first before the photos, however, evaluated 
the photos in misfit galleries 0.621 points lower than 
those in fit galleries, a 9% drop relative to the average 
ratings of photos in fit galleries.

Similarly, the model in column 5 reports the effect of 
a participant being asked to rate gallery fit before versus 
after rating the individual photos. Participants who 
were asked to rate the photos before evaluating the fit 
among them rated photos in misfit galleries 0.336 points 
lower than those in fit galleries. The misfit bias again 
intensified when participants were asked to evaluate 
the fit among those in fit galleries (10% lower).

In columns 6–8, we repeat the estimations in columns 
3–5, but we use the restructured data at the participant- 
photo level, excluding the outlier photos and including 
photo fixed effects, as well as a control for the order of the 
photo in the gallery. The results are consistent with those 
reported in columns 3–5. However, the penalty size 
declines slightly, suggesting that some of the estimated 
penalty in columns 3–5 were attributed to participants 
additionally penalizing the outlier elements. The esti
mated effect of misfit in column 6 suggests that partici
pants rated a fit photo in a misfit gallery 0.342 points 
lower than the same photo shown in a fit gallery, an 
approximate 5% decline relative to the baseline of eva
luations for fit galleries. The results in column 7 sug
gests a decline of 0.179 points in evaluation of photos 
in misfit galleries when participants were asked to 
evaluate the photos before evaluating the gallery. The 
penalty increases to 0.452 points when participants were 
asked to evaluate the gallery before the photos. Similarly, 
the results in column 8 suggest misfit penalties of 0.200 
points and 0.551 points when participants evaluated 
photos before the fit among them and vice versa, respec
tively. Overall, the results are in line with those from the 
archival analysis and support our theoretical predictions.

Discussion
The combination of distant elements is fundamental to 
the creation of new products, but it is not without cost. 

Table 3. Raw Results and Descriptive Statistics (Laboratory Experiment)

Variable Observations Mean Standard deviation Minimum Maximum

Fit galleries
Gallery rating 1,180 7.274 2.171 0 10
Average photo rating 1,180 7.219 1.851 0 10
Fit rating 1,180 7.489 2.192 0 10

Misfit galleries
Gallery rating 1,150 5.988 2.287 0 10
Average photo rating 1,150 6.765 1.740 0 10
...excluding outlier photo 1,150 6.924 2.200 0 10
Fit rating 1,150 3.691 2.231 0 10
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This paper focuses on one such potential cost, the 
impact of the combination for the evaluation of the ele
ments combined. We predicted that penalties stemming 
from distant combinations—misfit—can spill over from 
the whole to the elements in that whole. We first tested 
this argument using observational data from the music 
industry, where, during a very short period, the domi
nant consumption mode shifted from albums to single 
songs. We found that individual songs were more 
likely, on average, to become independent hits when 
the albums on which they were released presented high 
levels of fit. In line with our theory, the importance of fit 
dropped significantly after people started listening to 
songs independent of their albums. We then tested the 
argument with an online experiment using galleries of 
photographs. This allowed us to control for evaluator 
beliefs about producer quality and to fix the quality of 
the individual elements being evaluated. Our results 
show that the same photographs were evaluated less 
favorably when included in galleries with lower fit.

Limitations
Although our study provides important insights into 
how misfit at the product level affects evaluations of indi
vidual elements, it is not without limitations. One key 
limitation lies in the scope of our theoretical framework. 
Although we draw on the halo effect to explain the spill
over of negative perceptions of fit onto individual ele
ments, our analysis cannot fully disentangle the specific 
cognitive mechanisms driving this bias. For example, it 
remains unclear whether evaluators penalize elements 

because of an overarching negative impression of the 
product or because they cognitively conflate fit with the 
intrinsic quality of the elements.

Our empirical context, focusing on cultural products 
such as music albums and photographic galleries, also 
presents a limitation. These settings provide clear mea
sures for both fit and individual element evaluations, 
but they may not generalize directly to other domains. 
For instance, in industries where quality metrics are 
more objective or standardized—such as pharmaceuti
cals or engineering—the role of fit might differ signifi
cantly. Moreover, we use similarity in elements as a 
measure of product-level fit: in the music study, similar
ity in acoustic features; in the online experiment, similar
ity in photo subject matter and style. However, in 
another context, contrast between elements might be a 
source of fit. At this moment, research on sources of fit or 
misfit across contexts is scant. Future work might expand 
the definition of fit to include more complex relationships 
between elements, where their degree of complementar
ity can be explicitly theorized and measured.

Another limitation relates to the production side of 
misfit combinations. Although our studies seek to iso
late the causal effects of misfit on element evaluations, 
they do not address the strategic choices underlying the 
creation of misfit products. Little is known about who 
tends to make such a choice, and under what circum
stances. For instance, do producers with higher toler
ance for risk or those catering to niche audiences 
deliberately embrace misfit as a strategy? A deeper 
investigation of fit and misfit as a deliberate choice 

Table 4. Laboratory Experiment Results

(1) (2) (3) (4) (5) (6) (7) (8)
OLS OLS OLS OLS OLS OLS OLS OLS
Fit 

rating
Gallery 
rating

Average 
photo rating

Average 
photo rating

Average 
photo rating

Photo 
rating

Photo 
rating

Photo 
rating

Misfit gallery �3.812*** �1.324*** �0.502*** �0.327*** �0.336*** �0.342*** �0.179* �0.200**
(0.092) (0.093) (0.075) (0.118) (0.096) (0.061) (0.096) (0.079)

Gallery evaluated before 
photos

0.136 0.144*
(0.107) (0.078)

Gallery evaluated before 
photos × Misfit Gallery

�0.294* �0.272**
(0.152) (0.124)

Fit evaluated before photos 0.249** 0.240***
(0.106) (0.078)

Fit evaluated before photos ×
Misfit Gallery

�0.415*** �0.351***
(0.151) (0.124)

Constant 7.385*** 7.010*** 7.020*** 6.932*** 6.908*** 7.033*** 6.940*** 6.927***
(0.136) (0.138) (0.111) (0.129) (0.120) (0.087) (0.100) (0.093)

Participant-level controls Yes Yes Yes Yes Yes Yes Yes Yes
Photo fixed effects No No No No No Yes Yes Yes
Photo order control No No No No No Yes Yes Yes
Number of observations 2,330 2,330 2,330 2,330 2,330 5,921 5,921 5,921
Adjusted R2 0.453 0.112 0.064 0.064 0.066 0.120 0.120 0.121

Notes. The difference between the number of observations between columns 1–5 and columns 6–8 is because of the difference in the unit of 
analysis. The unit of analysis is at the participant level in columns 1–5. The unit of analysis is at the participant-photo level in columns 6–8. 
Moreover, outlier photos are excluded from analysis in columns 6–8.

***p < 0.01; **p < 0.05; *p < 0.1.
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would not only enrich our understanding of the antece
dents of misfit but also illuminate the broader trade-offs 
inherent in creative and innovative work.

Finally, part of our archival analysis is correlational, 
and despite efforts to mitigate endogeneity concerns, 
we cannot establish causal relationships with certainty. 
For example, producers may allocate higher-quality ele
ments to albums with greater fit, creating spurious cor
relations. Although our experimental design addresses 
some of these issues, it is conducted in a controlled set
ting that does not fully replicate the complexities of real- 
world consumption and evaluation. Future work could 
explore longitudinal or quasi-experimental designs to 
strengthen causal inference and examine how these 
dynamics evolve over time and across markets. By 
addressing these limitations, future research could build 
on our findings to refine theories of innovation, creativ
ity, and consumer judgment.

Contributions
Our paper makes several contributions. The findings 
naturally contribute to the conversations about the 
potential pitfalls of boundary spanning, expanding on 
findings related to the perceptual discounts that audi
ences often exert on producers that span categories 
(Zuckerman 1999, Hsu 2006, Negro and Leung 2013, 
Leung and Sharkey 2014). A frequent theoretical expla
nation in this literature is that consumers draw negative 
inferences about producers’ abilities based on their cate
gory spanning. Our findings suggest that a similar per
ceptual discount can occur at the level of the elements 
being combined. In other words, we show that indivi
duals’ dislike of a product itself is enough to generate a 
discount that spills over to the product’s elements. The
oretically, we highlight the distinct role of elements and 
that of their fit in explaining consumers’ perceptions of 
a product. We also believe that this is one of the few 
studies to consider the consequences for elements at the 
product level despite how often multielement products 
are observed in markets (courses, albums, galleries, 
etc.). Note that the current managerial “solution” to the 
perceptual discount in the literature is either to obscure 
the identity of the producer (Negro and Leung 2013), for 
example, by producing under multiple brand names, or 
to make explicit category labels less salient in the market 
(Leung and Sharkey 2014). The perceptual discount we 
identify in this study presents no easy solution given 
that it occurs at the product level. Indeed, a gallery cura
tor cannot simply display a single piece of art; most uni
versity courses cannot be taught in a single session; and 
a music producer of unfit albums had little recourse 
before the industry shifted to singles as an economically 
viable production mode.

Moreover, our focus on elements and how they fit 
together naturally ties to the innovation literature. For 
decades, this literature has emphasized the crucial role 

of recombination for the development of new ideas, new 
products, and new services (Gilfillan 1935, Schumpeter 
1942). Bringing together unrelated, distant elements is a 
difficult process, often leading to failure, but is also a key 
driver of breakthroughs (Fleming 2001, Leahey et al. 
2017). Hence, studies and popular books have high
lighted the benefits of measures, processes, and policies 
that enable the recombination of otherwise disconnected 
elements (Saxenian 1994, Hargadon and Sutton 1997, 
Johansson 2004, Vakili and Zhang 2018, Bikard et al. 
2019). This paper highlights a hitherto unrecognized cost 
of distant combinations. In these combinations, elements 
might appear to have lower value than if they were pre
sented in more familiar combinations. Put differently, 
distant combination might not only lead to the failure of 
the whole; it might also lead to the failure of its parts. By 
ignoring this cost, researchers and practitioners risk hav
ing an overly optimistic view of distant combinations.

Beyond these contributions, we believe our theory 
might apply to a broader set of organizational contexts 
beyond the case of product evaluation. More specifi
cally, the logic of a misfit bias applies to any setting 
where three conditions are met: (1) individual elements 
are brought together into a larger combination, (2) the 
performance of the whole depends on the quality of 
individual elements and the fit between them, and (3) 
the elements themselves face subjective scrutiny. Vari
ous other types of product bundles in noncreative 
industries clearly meet these requirements. For exam
ple, organizations often offer bundles of their products 
and services to customers. This dynamic is also present 
in at least two broader organizational problems: (1) the 
challenge of assessing how individual firm resources or 
routines contribute to overall firm performance and (2) 
the challenge of assessing how individual team members 
contribute to overall team performance. In both cases, the 
performance of the “whole” may be unambiguous—for 
example, the amount of firm profit or the total team 
output—and a function of the quality of each element, as 
well as the fit between elements. Yet outsiders, and even 
insiders, are often unable to fully understand the specific 
relationship between each element (e.g., a resource, or 
team member) to overall performance. As a result, the 
individual elements might be at risk for the misfit bias.

In the strategy literature, causal ambiguity is a key 
mechanism to explain how some firms sustain competi
tive advantage over time (Dierickx and Cool 1989, Bar
ney 1991). Firms are bundles of assets, but it is often 
unclear how specific resources or routines contribute to 
overall organizational performance. Our theory sug
gests that evaluators are likely to undervalue specific 
firm resources when they are observed in misfit combi
nations. Similarly, allocation of credit is shown to be 
notoriously difficult in teams (Vakili et al. 2022). This 
has been described as the performance nonseparability 
problem (Alchian and Demsetz 1972). Uribe et al. (2022) 
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suggest that managers attempt to evaluate an individual 
employee’s contribution to a team by observing changes 
in team performance when specific individuals are pre
sent versus absent. Our study highlights the importance 
of such experimentation at the organization level. Indeed, 
in many settings this type of experimentation is likely a 
helpful approach to overcoming the effects of the misfit 
bias and forming more accurate assessments of the qual
ity of individual elements, be that a picture in a gallery, 
an organizational resource, or an individual team mem
ber. Future work might also consider how the magnitude 
of interdependencies between elements might exacerbate 
the misfit bias by making it more difficult to understand 
what is driving fit at the product level.
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Endnotes
1 What is considered a good or bad fit depends on audience expec
tations (Bowers 2015). In one setting, individuals may expect com
bined elements to be highly similar to each other in order to fit. In 
another setting, they may expect variety and thus consider fit to 
mean having the right level of diversity. In this paper, we take an 
agnostic view of what misfit constitutes across settings. Empirically, 
we rely on data and past research to measure misfit in the two set
tings we study. Nevertheless, we believe that understanding how 
individuals form expectations about what constitutes misfit 
between elements is important for both theory and practice.
2 There are also mechanical reasons for why combinations with dis
tant or unrelated elements may fail. By definition, creators have less 
knowledge about the compatibility between distant elements than 
proximate ones, because such combinations are ex-ante less preva
lent in the market (potentially nonexistent). As a result, distant com
binations are at a higher risk of failure because of incompatibility 
between those elements. Nevertheless, our focus in this paper is on 
the cognitive biases against misfit.
3 The bias may be further amplified because of a cognitive averag
ing effect, whereby an initial reaction to the whole serves as the 
anchor for evaluations of its elements (Troutman and Shanteau 
1976, Tversky et al. 1988, Weaver et al. 2012).
4 Note also that the relative unit sales of albums and singles 
completely flipped during the industry’s transition to digital. For 
example, in 2000, CD singles represented just 3.5% of CD unit sales, 
making albums the dominant form. By contrast, in 2006, digital sin
gles represented 95.5% of digital download unit sales, making sin
gles the dominant form (source: riaa.com/u-s-sales-database).
5 The 11 sonic features used are accousticness, danceability, energy, 
instrumentalness, key, liveness, mode, speechiness, tempo, time sig
nature, and valence. Askin and Mauskapf (2017, p. 919, table 1) pro
vide definitions of each feature.
6 The vector of average sonic features for each genre is calculated 
by taking the average of vectors for all songs that are associated 
with that genre.

7 Stata’s logit with conditional fixed effects does not allow for clus
tering standard errors. In our robustness checks, we show that the 
results are consistent if we use logit with conditional fixed effects 
clustered at the artist level. We further show that the results are 
robust to linear estimations with dual clustering of standard errors 
at both album and artist levels.
8 The specific wording for the scale was 0 � “Don’t like it at all” to 
10 � “Like it a lot.”
9 The general concern here is that participants dislike, for example, 
a portrait photo when it is in a gallery with a wildlife photo because 
they infer that a photographer cannot produce good portrait photos 
if they also produce wildlife photos.
10 Using a Sobel test of mediation, we can confirm that the effect of 
the misfit (defined as a binary variable at the gallery level) on the 
evaluation of photos is fully mediated by participants’ evaluation of 
fit.
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