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ETA CEOs have various demographic traits, including MBA program,
professional experience, and the presence or absence of a search partner;
how do those factors correlate with financial outcomes?
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Search funds and entrepreneurship through acquisition (ETA) are a big tent attracting a diverse
array of aspiring entrepreneurs. We are thrilled that this space is no longer monopolized by men
with Harvard and Stanford MBAs who have finance backgrounds. Today, the ETA world is more
heterogeneous, with different schools, professional backgrounds, and genders represented. With
unprecedented capital flowing into the system, ETA is now more accessible than ever to a broader
range of participants.

ETA investors and search fund entrepreneurs frequently want to handicap the odds of success in
a given project. Is this industry the golden ticket to a superior outcome? Do military veterans
have the leadership chops that drive operational excellence? Do MBA graduates from a specific
school outperform others? ETA participants at all levels crave a formulaic recipe for riches: “If I
do A, B, and C, I'll tilt the odds in my favor for a griffin (a 10x or higher multiple on investment
capital).”

We, too, are interested in patterns in ETA land, mainly from a research and academic perspective,
but we also want to understand whether and how these factors correlate with financial outcomes.
In this note, we examine CEO demographics and assess if and in what ways these characteristics
align with economic outcomes. This research is particularly relevant for investors who must
judge a prospective searcher when no actual business is associated with the project. That is a
matter of talent and demographics only, a wager. Additionally, aspiring entrepreneurs might
want to know whether their particular demographic makeup is an edge or an encumbrance.

In ETA, investors face a challenging position. They place bets through a two-stage investment
process. The first stage involves essentially betting on the individual’s raw talent and
demographics. There is no industry or business to evaluate at this point; that occurs later, if and
when the entrepreneur sources a deal. So, investors make the initial gamble based solely on the
searcher’s personal traits and demographics. While we cannot measure or quantify personal
qualities (e.g., listening skills, empathy, or grit), we can assess demographics such as MBA
education, functional professional practice, years of work experience, gender, military
background, geography, and target industry. Making ex ante bets is difficult, and even a small
amount of demographic and experiential information can be valuable. This note will bring data
to what is currently anecdotal and intuitive.
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Why did we perform the research and write this note? The genesis of this note was inquisitiveness about MBA
schools and financial outcomes in ETA. The scope quickly expanded to include additional qualitative
dimensions among ETA CEOs. We are generally curious about which widely accepted assumptions about
entrepreneur demographics are accurate and which are false. Additionally, we want to provide
entrepreneurs, seasoned investors, novice searchers, and new capital providers with data and facts to help
them make informed decisions that could affect their careers and financial resources. Some of the analyses
we performed test common ETA wisdom, and our results either confirm or refute these truisms —but with
data. Battle-scared entrepreneurs and investors may have intuition about some topics and analyses we
tackle, but we doubt that newcomer investors and greenhorn entrepreneurs do. Be aware: Not all the
information we present will be comforting or happy talk, but it is grounded in data and objective research,
allowing readers to use the information as they see fit.

In our single-variable visualizations, we see a noticeable positive lift in partnered searches, searches led by
Kellogg CEOs, searches by CEOs with banking, private equity, and consulting experience, searches led by
CEOs with an MBA, and in U.S.-based projects. Additionally, the distribution ranges across demographic
groups can vary substantially. This suggests that demographic characteristics may shape the spread of
outcomes rather than deterministically drive economic results. Demographic factors are just one dimension
in the ETA game, and while they should be considered, they should not be treated as a prescriptive recipe
for performance. In other words, we present patterns and trends, but readers and we should refrain from
ascribing causation.

Spoiler alert: For readers interested in statistically significant results, we can report notable negative
deviations among searchers without an MBA and projects outside of the U.S. and Canada. None of the
other comparisons we consider in the visual analyses are significant in our multivariable regression or even
in single-variable regression.

In this note, we gauge a sample of ETA CEO demographics and returns and discuss a quintet of principal
topics (Figure 1). We will start with and spend a lot of time on single-factor visualizations primarily
because we believe readers will find them interesting and appreciate them. We hope that this note helps
students, entrepreneurs, and capital providers better understand the role ETA CEO demographics play in
the arena. Let’s dive in!

Figure 1: The roadmap for this note
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Our methodology

To conduct our analysis, we solicited a broad range of serial ETA investors for unmasked data. We
ultimately received information from six investors on companies in their portfolios that have fully exited;
there are no interim mark-to-market valuations, and all firms are categorized as traditionally funded
searches. The generous investors provided the company name, the CEO’s name, and the respective internal
rate of return (IRR) and multiple on invested capital (MOIC). We compiled all the data and, after removing
duplicate entries—since multiple investors might have reported on the same firm —we netted a robust
dataset of 155 unique observations, which we are very excited about. For reference, according to the 2024
Stanford Graduate School of Business Search Fund Study, 168 traditional search funds have exited. In
other words, we are capturing a material portion (92%) of the known ETA population that has sold.* We
acknowledge that our dataset includes some observations outside the U.S. and Canada, while the Stanford
pool is exclusively limited to the U.S. and Canada. So, we are not making a pure apples-to-apples
comparison.

We used the CEO’s name and company name to gather biographical data from LinkedIn and other
databases. Specifically, we were fishing for MBA school, professional experience by function, years of work
history, ETA partnership status, gender, and military background. We then conducted various analyses,
including regression analyses, histogram binning, and box plots, which yielded insights into demographic
traits and IRR outcomes. We believe this is the first and most comprehensive examination of demographic
attributes associated with financial outcomes in the ETA community.

Our study did not inspect patterns related to fundraising, sourcing, or deal closing. Although that
breakdown would also be interesting, it is beyond the scope of this note. It would have required additional
data and a more complex information request beyond what we had already solicited. All of those details
pertain to what happens up to and including the deal close. This note examines what occurs after the deal
closes and the resulting investment performance; it is related but distinct. We find this part of the process
more engaging to consider.

Before presenting the results, we will show descriptive statistics for the entire dataset to give readers a sense
of the sample (Figure 2). It is important to keep this information in mind for context as we compare and
contrast peer group sectors with each other and with the overall sample.

Figure 2: Descriptive statistics for the entire dataset

IRR MOIC
Mean 17.8% 4.1x
Standard error 4.0% Q.4x
Median 24.9% 3.0x
Mode (100.0%) 0.0x
Standard deviation 50.1% 5.6x
Sample variance 25.1% 31.0x
Minimum (100.0%) 0.0x
Maximum 169.8% 47.3x
First quartile 2.6% 1.2x
Third quartile 46.1% 5.1x
Interquartile range 43.6% 4.0x
Count 155 155
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A reflection on IRR and MOIC: We caution readers against relying solely on these reported figures or
assuming they mirror a portfolio’s overall performance for a couple of reasons. First, they exclude broken
searches, which typically account for about 35% of all initial search investments and these can significantly
reduce the total value of a basket of investments. Second, these figures exclusively reflect companies that
have exited and do not include those still operating. Often, top-performing ETA firms are sold off, while
weaker assets gather dust in portfolios, living on a prayer of improvement. Lastly, the mean and median
IRRs and MOICs are unweighted arithmetic calculations, not dollar-weighted figures. An investment with
$1 million of equity is given the same weight as one with $10 million. In this study, we did not request or
receive data on the equity dollars allocated to each firm. Although mathematically accurate, these IRRs and
MOICs are structurally inflated compared to a broad pack of operating and exited ETA firms, which also
includes broken searches.

In this note, we provide summary statistics including means, medians, measures of dispersion, and
regression coefficients. Mean values and estimated coefficients reflect average levels and marginal impacts
at the portfolio level, making them most relevant for investors. Median values, on the other hand, provide
insight into what is typical for individuals with similar observable traits and may be more useful for
prospective entrepreneurs. The regression results also identify factors that are likely within an
entrepreneur’s control, such as obtaining an MBA. Lastly, we report top-decile outcomes —not because we
see these outliers as representative, but because both capital providers and entrepreneurs often assume they
will be exceptional. Including these outcomes helps contextualize extreme scenarios and temper overly
optimistic expectations.

Before we begin, we will take a quick detour to discuss how we handled partnered searches in our analysis.
In our dataset, 61 observations, or about 39% of the search funds we studied, involved partnered searches,
where two individuals possess unique traits linked to a single outcome. When comparing two MBA
categories —such as Harvard and Stanford versus other MBAs —we grouped partnered searches where only
one partner attended Harvard or Stanford as a Harvard-or-Stanford search fund. In this context, the “other”
category can be thought of as meaning “not-Harvard-or-Stanford.” The same logic applies to categories
such as female, military, investment banking, private equity, and consulting —if either partner falls into a
category, it is counted in that category, not the other. One analysis compares more than two categories (see
Figure 14, Performance by MBA Program). For this analysis, a search fund that represents two categories
(such as Booth and Kellogg) counts for both schools, so the sum of observations will exceed the total
number of search funds in our dataset.

Single-variable results

In this section of the note, we will examine several independent variables. Specifically, we will analyze eight
qualitative independent variables and link their association to IRR outcomes using two visualizations;
however, we did not test for statistical significance in these appraisals. First, we create histograms with IRR
bins that reflect the frequency distributions of outcomes for a given dimension relative to the others.
Second, we generate box plots showing the median IRR by characteristic, along with the upper and lower
bounds and the interquartile range. We also compare these to observations that do not meet the factor
requirement (the “other” category concept we described above). To be clear, these are descriptive statistics,
and we are not drawing any inferences from the data collected. It would be unfair for us or a reader to
interpret any of the single-variable analyses (or multivariable regressions that follow) as implying causality
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(i.e., that a single demographic element alone will determine the potential IRR result). The ETA world is
far too complex to attempt to explain how it operates based solely on a handful of demographic traits. We
illustrate how the sample data behave and present the frequencies, medians, and ranges of outcomes. While
this provides an informative and interesting picture of ETA characteristics, it does not suggest a linear
cause-and-effect relationship.

We will now discuss an octonary of analyses related to ETA CEO demographics and financial outcomes
(Figure 3).

Figure 3: The single-variable results we will examine

@ Geography
@ Industry preference
@ Top decile winners

01 MBA program

The origin of our study was based on the question of whether there is any connection between MBA
programs and IRRs in ETA land. Specifically, we wondered whether Harvard and Stanford, often regarded
as the primary sources of the search fund model and the most sought-after pools for recruiting searchers,
yield better outcomes. Additionally, Harvard and Stanford, despite fluctuations in annual MBA program
rankings, are often considered the apex of the MBA mountain. According to Harvard Business School, in
2023, the most recent year for which they report, the admission rate was 14% with a 87% yield.® Stanford
does not report admission rate and yield on its website, but it does disclose that, for the MBA class of 2027,
7,259 potential students applied, with 434 (6%) ultimately committing to attend.® These are highly
selective academic institutions. Before we address the Harvard and Stanford question, we will first confront
the MBA question: Do MBAs even matter in ETA?

In the upcoming figures, we will examine whether an MBA makes a difference in the ETA field. MBA
educators and deans will be pleased to learn that our data clearly shows that ETA CEOs with an MBA
consistently trump non-MBAs. In Figure 4’s histogram, we will highlight two bins: the total loss bin and
the greater than 35% IRR bin. Note that they appear to be mirror images, with non-MBAs suffering
dramatically more total losses, and MBAs materially outperforming in the greater than 35% IRR bin.

To present an alternative view of how outcomes vary between the two groups, we include a box plot in the
right panel of Figure 4. Instead of grouping firms into IRR bins, the plot shows the distribution or spread
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of IRRs. For example, consider the IRRs for search funds in which at least one principal holds an MBA.
The middle line in the box represents the median, which is just under 30%. It divides the 141 firms into
two equal halves: 70 above the median and 70 below.” The x in the center, slightly above 20%, denotes the
mean IRR. The top and bottom edges of the box are the 75th and 25th percentiles, with Q3 near 50% IRR
and Q1 just above zero. Q3 and Q1 split the data into four equal parts, each containing either 34 or 35
firms. These four quartiles are as follows: The first or lowest quartile, with the lowest IRRs, falls below
Q1; the second and third quartiles range between Q1 and the median, and between the median and Q3,
respectively; and the fourth or highest quartile is above Q3. The height of the box shows the interquartile
range (IQR), which stretches from Q1 to Q3. The “whiskers” extending above and below the box go from
Q3 to the largest value that is not an outlier and from Q1 to the smallest value that is not an outlier,
respectively, covering the upper and lower quartiles. Outliers with very high (greater than Q3 + 1.5 *IQR)
and very low (less than Q1 - 1.5 * IQR) IRR values are excluded.

When comparing box plots across groups of firms, we start by examining the median and the mean to get
a sense of how the middle and average firm performed. The mean can be higher or lower than the median,
depending on whether the top half is more spread out from or closer to the median, relative to the bottom
half. The ranges of the four quartiles indicate whether the firms in those quartiles had relatively similar or
dissimilar results. For instance, a tall box shows that IRRs for firms in the middle two quartiles varied
significantly. Similarly, longer whiskers above and below the box suggest greater variability within the
upper and lower quartiles, with more outstanding results in the upper quartile (upside potential) and more
poor outcomes in the lower quartile (downside risk).

In the box plot in Figure 4, MBAs have a higher median IRR (28% compared to 1%), a higher mean (22%
contrasted with a negative 28%), and upper and lower quartiles that span higher IRR values than those for
non-MBAs. All firms in the no-MBA lower quartile have an IRR of negative 100%. MBAs outperform non-
MBAs across all metrics.

Figure 4: MBA versus no MBA
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For detailed descriptive statistics of Figure 4, see Figure 5. Note the exaggerated differences in means,
medians, and IQRs. This illustrates two very different performance groups.

" When an array has an odd number of observations, the median is calculated as [(n + 1) + 2], where n is the total
number of observations.
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Figure 5: Descriptive statistics for MBA versus no MBA

MBA No MBA Full Sample
Count 141 14 155
Mean IRR 22% (28%) 18%
Median IRR 28% 1% 25%
Maximum IRR 170% 33% 170%
Minimum IRR (100%) (100%) (100%)
Interquartile IRR 43% 122% 44%
Standard deviation IRR 47% 58% 50%
Mean MOIC 4.3x 2.0x 4.1x
Median MOIC 3.0x 1.4x 3.0x
Maximum MOIC 47.3x 6.4x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 3.8x 3.0x 4.0x
Standard deviation MOIC 5.8x 2.3x 5.6x

We further investigate the relevance of an MBA within the ETA community by fully decomposing outcomes
for solo and partnered searchers by MBA status. In Figure 6, we compare the following categories: a solo
searcher without an MBA, a partnered search where neither partner has an MBA, a partnership with exactly
one MBA, a solo MBA searcher, and a partnered all-MBA search. Our findings show that MBAs improve
performance; the average and median IRRs are higher when at least one MBA is involved than when no
MBA is involved. Partnerships also matter, with MBA partnerships exhibiting slightly higher mean and
median IRRs than their non-MBA counterparts. Once again, non-MBAs underperform, as the IRRs for
solo and partnered non-MBA groups (the two plots on the left) are significantly lower than those for the
solo and partnered MBA groups (the two plots on the right). Notably, partnering with an MBA boosts non-
MBAs’ performance (middle plot) to levels comparable to solo and partnered MBA groups, though the
lower two quartiles still show lower IRRs. MBAs, it seems, matter—and we are pleased. Given the
consistently poor performance of the 14 solo and partnered non-MBA cases, we will exclude them from the
comparison group for the current MBA section, but we will include them in the subsequent sections.

Figure 6: Does an MBA matter?
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In Figure 7, we present detailed descriptive statistics for the breakdown shown in Figure 6. Once again,
the results indicate a dismal performance for a solo player without an MBA (a 0% median IRR and a
negative 31% mean IRR). For partnerships where neither party has an MBA, the mean IRR is negative
18% and the median IRR is 22%, but both still fall short of the full-sample median IRR of 25%.
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Figure 7: Descriptive statistics for MBA and partnership decomposition

Solo with no MBA Parmership with no MBAs
Count 11 3
Mean IRR (31%) (18%)
Median IRR 0% 22%
Maximum IRR 33% 23%
Minimum IRR (100%) (100%)
Interquartile IRR 120% 62%
Standard deviation IRR 58% 71%
Mean MOIC 1.6x 3.4x
Median MOIC 1.1x 3.7x
Maximum MOIC 6.3x 6.4x
Minimum MOIC 0.0x 0.0x
Interquartile MOIC 2.9% 3.2x
Standard deviation MOIC 2.0x 3.2x

Parmership with one MBA Solo with MBA Partmership with two MBAs Full Sample
13 83 48 155

38% 19% 28% 18%
51% 26% 36% 25%
170% 170% 92% 170%
(100%) (100%) (100%) (100%)
39% 40% 39% 44%
78% 44% 44% 50%
4.4x 3.9x 5.3x 4.1x
3.8x 2.9x 3.8x 3.0x
8.9x 33.8x 47.3x 47.3x
0.0x 0.0x 0.0x 0.0x
5.1x 4.0x 3.9x 4.0x
3.3x 4.9x 7.4x 5.6x

In Figure 8, we continue to rationalize and justify investing in an MBA, regardless of degree prestige, within
the ETA jungle. In the left panel, the distribution shows that the top 15 MBA programs have a similar
number of home runs as other MBA programs. Their downside risk is also comparable to that of other MBA
programs. Most other MBA programs have median IRRs that are similar to those of the top 15. In the right
panel, we see similar box plots for both the top 15 MBA programs and other MBA programs.

Figure 8: Top 15 MBA versus Other MBA
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In Figure 9, we present descriptive statistics for the top 15 and other MBA segments. The mean and median
IRRs are similar, and the mean MOICs are also closely aligned; however, the top 15 MBAs trail other MBAs
in the median MOIC test by 1.3x turns. There appears to be no material difference between the top 15

MBA and other MBA ETA skippers.

Figure 9: Descriptive statistics for top 15 MBA versus other MBAs

Count

Mean IRR

Median IRR

Maximum IRR
Minimum IRR
Interquartile IRR
Standard deviation IRR
Mean MOIC

Median MOIC
Maximum MOIC
Minimum MOIC
Interquartile MOIC
Standard deviation MOIC

Top 15 MBA

111
22%
28%

170%
(100%)
40%
46%
4.3x
2.9x
47.3x
0.0x
3.7x
6.1x
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Our next data slice compares the so-called Magnificent Seven (M7)" elite MBA programs with all others.
In the histogram (Figure 10), the results are fairly similar, with little difference in the bins at 9.9% IRR
and below. In the 35% and greater IRR bin and the 20% to 34.4% IRR bin, other MBAs outperform the
M7 gang, but they lag in the 10% to 19.9% IRR bin. In the box plot, the sample exhibits similar patterns
when comparing M7 to other MBAs. The M7 cohort exhibits a slightly tighter upper-quartile range but
more compressed second- and third-quartile ranges.

Figure 10: M7 versus all others
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In Figure 11, we present complete descriptive statistics for the M7 and other MBA analysis. The mean and
median IRRs are close; however, the other MBA group outperforms by 400 basis points on median IRR.
Similarly, mean MOICs are alike, but other MBAs excel on median MOICs with 4.1x against 2.8x.

Figure 11: Descriptive statistics for M7 versus all others

M7 Other MBA Full Sample
Count 100 41 155
Mean IRR. 22% 23% 18%
Median IRR. 26% 30% 25%
Maximum IRR 170% 170% 170%
Minimum IRR (100%) (100%) (100%)
Interquartile IRR 39% 48% 44%
Standard deviation IRR 44% 55% 50%
Mean MOIC 4.4x 4.3x 4.1x
Median MOLC 2.8x 4.1x 3.0x
Maximum MOIC 47.3x 19.8x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 3.7x 5.0x 4.0x
Standard deviation MOIC 6.4x 3.8x 5.6x

We finally arrive at the analysis comparing the Harvard and Stanford MBA programs with those of other
institutions (Figure 12). In the histogram in the left panel, there appears to be no critical difference in the
ETA CEO IRR outcomes between Harvard and Stanford CEOs and other CEOs. Harvard and Stanford
incur similar total losses, comparable partial losses, parallel results with IRR between 0% and 9.9%, more
results with IRR between 10% and 19.9%, sizably fewer results between 20% and 34.9%, and equivalent
outcomes above 35% IRR.

Comparing the Harvard and Stanford crew to the other MBAs tells an interesting story. The other MBA
segment has a narrower interquartile range, indicating a tighter central tendency with less upside and
downside risk. Most importantly, the median IRR for the other MBAs exceeds that of Harvard and Stanford

" The M7 business schools in alphabetical order are Chicago Booth School of Business, Columbia Business School,
Harvard Business School, Kellogg School of Management, MIT Sloan School of Management, Stanford Graduate
School of Business, and Wharton School of the University of Pennsylvania.
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(30% in opposition to 22%). Harvard and Stanford have both better and worse outcomes, as shown by the
longer whiskers for the first and fourth quartiles, but their median outcomes are lower.

Figure 12: Harvard and Stanford versus all others
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Figure 13 presents descriptive statistics for Harvard and Stanford, compared with other MBAs. Other
MBAs have higher average IRRs (24% in contrast to 21%) and median IRRs (30% against 22%), along
with a higher median MOIC (3.6x compared to 2.7x). Harvard and Stanford lead in average MOIC, with
4.7x compared to 4.0x. Overall, the two groups behave similarly in direction.

Figure 13: Descriptive statistics for Harvard and Stanford versus other MBAs

Harvard and Stanford Other MBA Full Sample
Count 67 74 155
Mean IRR. 21% 24% 18%
Median IRR. 22% 30% 25%
Maximum IRR 170% 170% 170%
Minimum TRR (100%) (100%) (100%)
Interquartile IRR 47% 38% 44%
Standard deviation IRR 50% 44% 50%
Mean MOIC 4.7x 4.0x 4.1x
Median MOIC 2.7x 3.6x 3.0x
Maximum MOIC 47.3x 22.1x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 4.0x 3.8x 4.0x
Standard deviation MOIC 7.3x 3.9x 5.6x

The following plot (Figure 14) is for all the hyper-competitive MBAs and CEOs in the ETA maze with
bragging rights on the line. We all want to see a stack comparison by school, and here it is. Northwestern
Kellogg leads the pack with an eye-popping 46% median IRR (Go Wildcats!). Wharton and Chicago Booth
also have premium IRR outcomes, with medians of 30% and 32%, respectively, and all schools generally
tare well. Note the spread of Harvard’s results, which are nearly comparable to the other MBA segment.
Stanford shows well with limited downside. It appears Kellogg enjoys an IRR lift from no losses, a stunning
fact, and likely a few large hits in a smaller pool of nine observations. Harvard and Stanford have more at-
bats and a wider range of outcomes.
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Figure 14: Performance by MBA program’
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In Figure 15, we present descriptive statistics for the school array. Kellogg outperforms their competitors
in mean IRR, median IRR, and MOIC —a superfecta winner.

Figure 15: Descriptive statistics for performance by MBA program

Kellogg Wharton Booth Harvard Stanford Other MBA Full Sample
Count 9 14 10 27 42 53 155
Mean IRR 41% 32% 26% 26% 19% 16% 18%
Median IRR. 16% 30% 32% 20% 22% 28% 25%
Maximum IRR 70% 73% 70% 170% 96% 118% 170%
Minimum IRR 6% (6%) (33%) (100%) (100%) (100%) (100%)
Interquartile IRR 18% 47% 24% 42% 47% 46% 44%
Standard deviation IRR 19% 26% 27% 48% 51% 48% 50%
Mean MOIC 6.6x 4.0x 4.7x 3.2x 5.6x 3.6x 4.1x
Median MOIC 4.1x 2.7x 3.0x 2.7x 2.9x 3.3x 3.0x
Maximum MOIC 22.1x 12.6x 22.1x 9.6x 47.3x 19.8x 47.3x
Minimum MOIC 1.6x 0.5x 0.0x 0.0x 0.0x 0.0x 0.0x
Interquartile MOLC 2.4x 3.7x 2.0x 2.8x 4.3x 4.6x 4.0x
Standard deviation MOIC 6.8x 3.5x 6.3x 2.6x 8.9x 3.5x 5.6x

Before concluding the MBA section and analysis, we feel compelled to highlight that all MBAs generally
perform reasonably well. While there is some variation among different MBA brands, they all deliver
acceptable IRRs and MOICs, even those outside the renowned M7 and top 15. However, our data shows
that pursuing ETA without an MBA will be a long and difficult slog.

02 Partnership

A key decision every aspiring search fund entrepreneur must make at some point during the expedition is
whether to go it alone as a solo entrepreneur or to form a partnership and proceed as a duo. While there is
no right or wrong choice here, and different philosophies exist within the community about which option
is superior, this is one of the earliest decisions that will shape the entrepreneur’s path. We explore some of
the dynamics around partnerships in our note Exploring Entrepreneur Partnerships in the Search Fund
Ecosystem.

Our dataset includes 61 partnership observations, with a median IRR of 32% for the segment, compared
to 24% for solo initiatives. Figure 16 presents the histogram results, which clearly show that partnerships
outperform solo ETA CEOs. This is partly due to the poor performance of solo CEOs without MBAs, which

* Schools with more than five observations are displayed individually; the balance are aggregated in the other MBA
bucket and no MBA is excluded.
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we discussed earlier. For clarity, we are now including the no-MBA group in all of our analyses moving
forward. Solo projects generally show weaker outcomes—such as total losses, partial losses, and IRRs
between 0% and 9.9% — while partnerships have more observations in the over-35% IRR category. Solo
projects tend to perform better in the 20% to 34.4% IRR range. A pattern emerges that favors partners. In
the box plot, partnered searches display higher median and average IRRs, with greater upside potential and
similar downside risk compared to non-partnerships.

Despite the positive partnership results, it is not a free ride for the operators since they must share the pie
with their partner. The partnership offers a low-cost benefit for capital providers, with an additional five
points of equity (30% facing 25%). Entrepreneurs should ask whether getting less of something with a
better outcome is better than getting all of something with a less desirable outcome. To clarify, consider a
search fund scenario with $10 million in equity invested. If the MOIC is 3x, a solo athlete would enjoy $5
million [(3.0x - 1.0x) x $10 million x 25%]. We ignore investor preferred returns and IRR performance
ladders for simplicity. A twosome would need a MOIC of 4.3x to net the same results per person, which is
nearly a 50% increase. The math is simple enough, with [((4.3x — 1.0x) x $10 million x 30%) + 2]
equaling about $5 million.

Figure 16: Partnered versus solo
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For descriptive statistics related to Figure 16, see Figure 17 below. Partnerships best soloships in all median
and mean categories. However, soloships have a more concentrated central tendency with lower standard
deviations and similar interquartile ranges, although this concentration is below the performance levels of
partnerships. Continue to the multivariable regression analysis section for a more detailed discussion of
how partnerships influence search fund results when considering other variables.

Figure 17: Descriptive statistics for partnered versus solo

Parmered Solo Full Sample
Count 61 94 155
Mean IRR. 25% 13% 18%
Median IRR 32% 24% 25%
Maximum IRR 170% 170% 170%
Minimum IRR (100%) (100%) (100%)
Interquartile IRR 39% 37% 44%
Standard deviation IRR 52% 49% 50%
Mean MOIC 4.9x 3.6x 4.1x
Median MOIC 3.6x 2.8x 3.0x
Maximum MOIC 47.3x 33.8x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 3.9x 3.9x 4.0x
Standard deviation MOIC 6.7x 4.7x 5.6x
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03 Professional experience

ETA CEOs come from diverse backgrounds, including operations, management, healthcare, and, of course,
the sacred trio of consulting, investment banking, and private equity (PE). We can analyze the data in
several ways, but we chose to group banking, PE, and consulting into a single category for comparison with
all other groups, since these are often seen as the best launching pads for ETA. This group includes 118
observations in our sample. Their median and mean IRR are 29% and 20%, respectively, compared to 22%
and 10% for all other groups.

In Figure 18, the histogram shows more weak outcomes on the left side of the X-axis, associated with non-
banking, PE, and consulting CEOs. On the right side of the X-axis, the triad clearly dominates the bin with
greater than 35% IRR. In the box plot, banking, PE, and consulting prevail on median and average IRR,
with higher upper and lower quartiles. Based on our sample, both visually and mathematically, the data
indicate that banking, PE, and consulting are fertile training grounds for launching a search.

Figure 18: Banking, PE, and consulting versus other
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For descriptive statistics related to Figure 18, see Figure 19 below. Banking, PE, and consulting thump
other professional backgrounds handily. The median MOIC is twice as high, as is the mean IRR.

Figure 19: Descriptive statistics for banking, PE, and consulting versus other

Banking, PE, and consulting Other Full Sample
Count 118 37 155
Mean IRR. 20% 10% 18%
Median IRR. 29% 22% 25%
Maximum IRR 170% 170% 170%
Minimum IRR (100%) (100%) (100%)
Interquartile IRR 43% 33% 44%
Standard deviation IRR 49% 53% 50%
Mean MOIC 4.5x 2.8x 4.1x
Median MOLC 3.0x 1.7x 3.0x
Maximum MOIC 47.3x 8.8x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 3.6x 4.3x 4.0x
Standard deviation MOIC 6.2x 2.6x 5.6x

04 Military experience

Many investors are drawn to the combination of military veterans paired with a competitive MBA. It is
compelling. After all, veterans have led, deployed, and served in combat zones, earning thanks and kudos
for their service. We have deep respect for military folks. They have accomplished things at tender ages that
we could never imagine. However, shifting to the ETA playing field, it is interesting to see how the military
glow and story translate into returns.
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We do not splice the data into military categories with and without MBA, but the combination is powerful,
especially if military experience includes one of the U.S. service academies, which are four-year, intensive
leadership-training laboratories. We will consider military as a whole, including both MBA and non-MBA
individuals. Starting with the box plot in Figure 20, veterans surpass non-military CEOs in median IRR
(35% as opposed to 24%) and average IRR (28% contrary to 17%). However, their upper quartile is
limited, while the lower quartile is not as low. In the histogram, military and non-military seem to have
similar IRR performance frequencies in the first four bins, representing 19.9% IRR and below. But in the
tinal two bins, military veterans fall behind others in the 35% and higher IRR bin, but win in the 20% to
34.9% IRR bin. In general (no pun intended), military aces shine in the ETA forum.

Figure 20: Military versus all other
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For descriptive statistics related to Figure 20, see Figure 21 below. Military wins on the IRR front, less so
on the MOIC angle.

Figure 21: Descriptive statistics for military versus all other

Milicary Other Full Sample
Count 14 141 155
Mean IRR. 28% 17% 18%
Median IRR. 35% 24% 25%
Maximum IRR 77% 170% 170%
Minimum IRR (449) (100%) (100%)
Interquartile IRR 30% 45% 44%
Standard deviation IRR 33% 51% 50%
Mean MOIC 3.7x 4.2x 4.1x
Median MOLC 3.1x 2.9x 3.0x
Maximum MOIC 12.6x 47.3x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 2.9x 4.0x 4.0x
Standard deviation MOIC 3.3x 5.8x 5.6x

05 Gender

We are excited to see more women entering the ETA scene, and we hope that the results we report inspire
even more. The ETA route is open and welcoming for women, and we strongly encourage our female
students to read our note On the Nature of Women Considering a Search Fund Launch and consider this
arc. Search funds that included at least one woman are a dead tie with their all-male counterparts in the
IRR race (Figure 22). Our wives did not encourage us to manipulate the data, but they, and we, are happy
with the results. In the box plot below, the analysis suggests that, despite similar IRRs, woman-led searches
do not soar as high on the upside or dip as low on the downside, and their IRR dispersion, as measured by
the interquartile range, is broader.

In the histogram, female performance appears bimodal (a two-humped camel), with tangibly more partial
losses but better representation in the 20% to 34.4% IRR bin and equal performance in the above 35%
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IRR bin. We interpret these results as indicating that, based on the few observations we have, women are
directionally holding their own in the search-fund scrum.

Figure 22: Male versus female histogram and box plot
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For descriptive statistics related to Figure 22, see Figure 23 below. With just a few observations, women
seem almost indistinguishable from men, except on the MOIC front, where men prevail in means and
women carry the day in medians. All this should be taken with a grain (or two) of salt—we only had six
observations of search funds led by at least one female —we certainly would have preferred to see more!

Figure 23: Descriptive statistics for male versus female

Male Female Full Sample
Count 149 6 155
Mean IRR. 18% 17% 18%
Median IRR 25% 25% 25%
Maximum IRR 170% 56% 170%
Minimum IRR (100%) (33%) (100%)
Interquartile IRR 13% 33% 44%
Standard deviation IRR 51% 32% 50%
Mean MOIC 4.2x 2.9x 4.1x
Median MOIC 3.0x 3.4x 3.0x
Maximum MOIC 47.3x 5.1x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 4.0x 3.2x 4.0x
Standard deviation MOIC 5.7x 2.1x 5.6x

06 Geography

Although country geography is not a demographic characteristic specifically associated with ETA CEOs in
the same way as school or functional professional experience, we have the data and thought it was
interesting enough to include and report the results. Search funds outside the U.S. and Canada are
proliferating rapidly. According to the 2024 IESE International Search Funds — Selected Observations report,
2023 saw 59 launches, bringing the total number of searches outside the U.S. and Canada to 320.”
Additionally, anecdotally, we see growth in Western Europe, Latin America, the Asia-Pacific region, and
Africa. It is a global phenomenon, and we are excited to see what was once a North American framework
take hold for MBA students and investors worldwide.

Unfortunately, in our dataset, the central IRR results to date do not indicate favorable outcomes. In the box
plot in Figure 24, the median and mean IRR for ETA projects outside the U.S. and Canada are 9% and
negative 8%, compared with 28% and 21% for U.S. and Canadian funds. Additionally, the data for ETA
companies outside the U.S. and Canada have a much larger interquartile range, with a more negative skew,
and less upward movement in the fourth quartile of returns.
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The histogram does not show a more optimistic return distribution; while the other segment displays a
uniform distribution, the U.S. and Canada grouping turns in fewer weak outcomes and more successes. In
fairness, global search funds are still developing and lag a few decades behind the U.S. in their development,
although the adoption rate is increasing and appears to be surpassing what happened in North America. In
other words, it is still early, but the initial scoop is tepid, leading to questions about whether the results are
structurally or temporally influenced. Regardless of the reasons for underperformance compared to U.S.
and Canadian firms, the data outside of these regions tell a very different story.

Figure 24: U.S. and Canada versus other
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For descriptive statistics related to Figure 24, see Figure 25 below. Projects outside the U.S. and Canada
perform poorly on the IRR front, with lower scores and a wider IQR. They also lag on the MOIC vector,
with median MOICs at nearly 50% of the U.S. and Canada contingency.

Figure 25: Descriptive statistics for U.S. and Canada versus other

U.S. and Canada Other Full Sample
Count 139 16 155
Mean IRR 21% (8%) 18%
Median IRR 28% 9% 25%
Maximum IRR 170% 73% 170%
Minimum TRR (100%) (100%) (100%)
Interquartile IRR. 13% 69% 44%
Standard deviation IRR 19% 56% 50%
Mean MOIC 4.3x 2.4x 4.1x
Median MOIC 3.0x 1.7x 3.0x
Maximum MOIC 47.3x 9.6x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 3.9x 3.8x 4.0x
Standard deviation MOIC 5.8x 2.6x 5.6x

07 Industry preference

This section is definitely not a demographic dimension, but since we collected the data, we will report it
(and we believe readers will find the results illuminating). Software target assets have become a recent
strong industry preference for some search fund CEOs and investors alike. There are too many vertical niche
software acquisitions and portfolios to track in the ETA universe. We understand that these asset-light
businesses, with contractual recurring revenue, high EBITDAS margins, and often rapid growth, sound like
a dream business model. That is all nice, but what really matters is how that translates into IRR, especially
compared to other investment opportunities for entrepreneurs and capital providers. Spoiler alert: Despite

$ Earnings before interest, taxes, depreciation, and amortization.
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the juicy economic characteristics, software acquisitions in the ETA tangle pretty much resemble every other
company from an IRR perspective.

Figure 26’s two box plots, for software and other, appear relatively similar, with median IRRs of 26% for
software and 25% for all others, and interquartile ranges of comparable sizes. Surprisingly, software has
less upward potential and, unsurprisingly, less downward risk. However, all other firms, despite having
greater top- and bottom-end reach, appear moderately similar. In the histogram, there does not seem to be
a divergent bin distribution between software and other companies. If we removed the figure title and axis
labels, it is unlikely ETA aficionados could distinguish the software data, since they are nearly identical.

This analysis may surprise some ETA observers who view software as a panacea for ETA CEOs and
investors. It is certainly attractive, but it seems on par with all ETA assets despite their popularity and
compelling features.

Figure 26: Software versus other
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For descriptive statistics related to Figure 26, see Figure 27 below. Software and non-software firms
perform nearly identically on the IRR vector. However, on the MOIC scorecard, software assets lose the
mean contest (3.5x confronting 4.4x) and virtually tie the median challenge (2.9x and 3.0x).

Figure 27: Descriptive statistics for software versus other

Software Other Full Sample
Count 11 111 155
Mean IRR 18% 18% 18%
Median IRR 26% 25% 25%
Maximum IRR 79% 170% 170%
Minimum IRR (100%) (100%) (100%)
Interquartile IRR 28% 47% 41%
Standard deviation IRR 46% 52% 50%
Mean MOIC 3.5x 4.4x 4.1x
Median MOIC 2.9x 3.0x 3.0x
Maximum MOIC 9.7x 47.3x 47.3x
Minimum MOIC 0.0x 0.0x 0.0x
Interquartile MOIC 3.8x 4.0x 4.0x
Standard deviation MOIC 2.8x 6.3x 5.6x

08 Top decile winners

Before we conclude the single-variable analyses, we will perform one last test. We are sure some readers,
investors, and entrepreneurs do not consider or focus on mean and median returns, which we have
emphasized so far. They think those middling metrics are for chumps, and they want to know who is in the
top decile — the very best performers, the outliers, not the majority in the middle. This is an interesting topic
because some ETA observers argue that the ecosystem is not driven by hit events that rely on outlier
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occurrences; our research, however, shows that low-probability, high-impact events distinguish a brag-
worthy portfolio from one stuck in mediocrity.

We conduct two tests to identify top-decile performance. First, in the left panel of Figure 28, we analyze
IRRs. We set an IRR threshold of 70% to select the top 12 observations from our 155-unit dataset; this
defines the tenth decile. We call this group our hall of fame (HOF) —the very best. In the right panel, we
set a minimum MOIC of 10x, resulting in 9 observations, slightly fewer than the entire top decile. We refer
to this group as our griffins (companies that achieve a MOIC of 10x or higher). In each panel, we display
the number of observations by MBA program in both the HOF and griffin groups. We then calculate the
percentage representation of each group, respectively. This shows nominal concentration but is not a
complete or fair analysis because it does not account for the number of observations per MBA program.”
We would expect a school with 100 at-bats to have more griffins than a school with only 10 at-bats. To
correct for this, we compute per capita representation, which adjusts for the number of observations per
school, and we sort the data by this standard.

Figure 28: Hall of fame and griffins: IRR and MOIC top decile, respectively

HOF Percentage of HOF Total observations HOF per capita Griffins Percentage of griffins Total observations Griffins per capita
3 25% 27 11% Kellogg 2 22% 9 22%
1 8% 9 11% Stanford 6 67% 42 14%
1 8% 10 10% Booth 1 11% 10 10%
4 33% 41 9% ‘Wharton 1 11% 14 7%
4 33% 42 9% Other MBA 1 11% 41 2%
2 16% 26 7% Harvard 0 0% 27 0%
1 8% 14 7% Sloan o 0% 3 0%
0 0% 3 0% ‘Columbia o 0% 5 0%
0 0% 5 0% No MBA 0 0% 26 0%

In the HOF IRR panel, Harvard places three firms in the top decile, representing 25% of the group, which
is a significant achievement. When judged on a per capita basis, which we consider the most relevant metric,
Harvard, Kellogg, Booth, Stanford, and other MBA programs all appear roughly equal. Moving to the
griffin MOIC panel, Stanford has the highest numbers, with six placements accounting for 67% of the
group, but Kellogg has the top position when looking at the per capita column. The HOF and griffin data
should be considered alongside histogram data previously presented to synthesize the bottom decile with
the outlier winners.

Not all hall-of-famers were griffins, and not all griffins made it into the HOF; it is interesting to consider
the Mount Rushmore of performers who are both a griffin and a HOF member (Figure 29). We found
only three such cases. No single school had more than one combination HOF and griffin, with Kellogg,
Booth, Stanford, and the other MBA category representing the only examples in this distinguished group
of exceptional search funds (all at 33%). Kellogg had the highest percentage of the school (11%) because
it had the fewest total observations, but we do not attach much significance to this figure given the group’s
small size.

" Bagle-eyed readers might notice that the percentages for HOF and griffins columns do not sum to 100%. That is
not a math mistake. In some cases, when a partnership involves two schools, both schools get credit, which slightly
skews the math.
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Figure 29: Observations that are both a griffin and in the HOF

HOF Percentage of HOF Total observations HOF per capita
Kellogg 1 33% 9 11%
Booth 1 33% 10 10%
Other MBA 1 33% 41 2%
Stanford 1 33% 42 2%
Harvard 0 0% 27 0%
Wharton 0 0% 14 0%
Sloan 0 0% 3 0%
Columbia 0 0% 5 0%
No MBA 0 0% 26 0%

We also examined non-degree factors to assess their HOF and griffin worthiness (Figure 30). Partnered
searches make up 11% of the HOF’s per capita representation, with seven entrants. Military and software
have one and three entries, respectively, each accounting for 7% per capita. Shifting to the griffins,
partnered and military place with four and one entries, respectively, while software reports none. On a per
capita basis, partnered and military are tied at 7%.

Figure 30: Additional factors in the HOF and griffin buckets

HOF Total observations HOF per capita Griffins Total observations
7 61 11% Partnered 4 61
1 14 7% Military 1 14
3 44 7% Software 0 44

Finally, we looked for observations at the intersection of the HOF and griffin Venn diagrams (Figure 31).
Only partnered searches made the cut, with two participants representing a scant 3% per capita ratio.

Figure 31: Additional factors in both the HOF and griffin buckets

HOF Total chservations HOF and Griffin per capita
Partnered 2 61 3%
Military 0 14 0%
Software 0 44 0%

Multivariable regression results

We found some interesting results in our single-category analysis presented above. Our next step is to
isolate the incremental association between entrepreneurs’ background characteristics while controlling for
other factors. By including all relevant variables in a single regression, we can separate the effects of related
or clustered variables and create a more reliable model for understanding how different factors contribute
to the success of a search fund project, as measured by IRR, all on a common scale of impact and statistical
significance. We will discuss a pentad of topics related to the multivariable regression results (Figure 32).
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Figure 32: Multivariable regression topics

o Model fit and overall explanatory power
@ Geography and education as primary correlates of performance

@ Background, experience, and industry controls

@ Single-variable versus multivariable results

@ Interpretation

We focused on the same variables of interest from our single-variable analysis — MBA program, professional
background, partnership, and gender. Additionally, we aimed to determine whether the effect of one
variable depends on the level or presence of another. For example, does a specific professional background —
such as operations — benefit from more years of experience? Do MBA programs subtly select for factors that
influence IRR? Can we uncover any insights about the relationship between a principal’s professional
background and the acquisition industry? We also included control variables in the regression to reduce
omitted variable bias or hidden conditional relationships. Figure 33 summarizes the variable categories
used in the multivariable analysis.

Figure 33: Summary of variable categories included in the multivariable analysis

Focal variables Interaction variables Control variables
= MBA program = Inter-professional (i.e., banking x consulting) = Acquisition year
= Career background = Inter-school MBA program (i.e., Kellogg x Booth) = Data source
= Years of experience = Partnership x MBA program = Industry
= Solo versus partnered = Experience x career background =  Geography
= Gender = Professional background x acquisiton industry

We tested various combinations, removed variables that did not significantly contribute, and developed a
simple yet descriptive linear model. In addition to the multivariable results, we report coefficients and p-
values from single-variable regressions for the same set of variables to highlight the difference between
marginal associations and conditional effects. Single-variable estimates show the direct relationship
between each characteristic and IRR, while multivariable estimates isolate each effect by holding all other
factors constant. Figure 34 summarizes the variables included in the final regression.

The coefficient reflects the size and direction of each effect, while the p-value indicates the likelihood that
the observed relationship happens by chance under the null hypothesis. In statistics, a coefficient shows
how much the dependent variable (in our case, IRR) changes with each unit increase in the independent
variable. For example, in our model, a Stanford MBA adds 0.127 points to the intercept. The p-value
measures statistical uncertainty, reflecting the probability of observing such an effect of this magnitude
under a null hypothesis of no relationship. Conventional thresholds serve as guides rather than strict rules;
lower p-values suggest greater confidence in the estimated relationship. For example, in the table below,
one null hypothesis is that U.S. and Canadian observations have no effect on IRR results; with a p-value of
0.007, we can reject that null hypothesis.
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Figure 34: Summary regression table

Interpretation p-valne
Marginally significant <0.10
Scatistically significanc < (0.05
Strong evidence < 0,01
Marginal effect (single variable) Conditional effect (multivariable)

Coeffident p-value Coefficient p-valne
Education
No MBA 0254 0.022
Stanford 0.015 0.872 0.127 0.215
Harvard 0.101 0.341 0.135 0.239
Wharton 0.152 0.279 0.088 0.558
Booth 0.089 0.588 0.159 0.337
Kellogg 0.242 0.159 0122 0.476
Geography
U.S, and Canada 0.291 0.027 0.361 0.007
Experience and background
Partnered 0.118 0.151 0.06 0.486
Experience greater than 7 years -0.014 0.885 0.029 0.735
Banking, PE, and consulting -0.018 0.845 0.109 0.252
Operations 0.036 0.698 0.067 0.493
Management -0.062 0.443 -0.067 0.531
Military 0.113 0.424 -0.082 0.559
Female -0.009 0.965 -0.107 0.598
Enweprenenrship 0.004 0.964 ~-0.004 0.967
Industry controls
Software 0.007 0.938 -0.020 0.822
Food and beverage -0.517 0.041 -0.369 0.166
Education 0.341 0.243 0.392 0.185
Observations 155
Rz 0.257
Adjusted R* 0114
Model F-test p-value 0.019

01 Model fit and overall explanatory power

The multivariable model is jointly statistically significant, with an F-statistic p-value of 0.019, indicating
that the included predictors collectively explain variation in IRR beyond an intercept-only model. The R-
squared of 0.257 suggests that approximately 26% of the cross-sectional variation in IRR is explained by
observable searcher and industry characteristics. After adjusting for model complexity, the adjusted R-
squared is 0.114. While this is modest, we are pleased with this level of explanatory power, especially
considering we were unable to control for any company-specific factors, or (perhaps most importantly!)
luck.

The residual standard error remains high, indicating considerable variability in outcomes even among
observationally similar search funds. This supports the view that the regression reveals conditional
associations rather than providing precise prediction intervals of actual returns. The regression should not
be viewed as a screening tool or perfect prediction model. Its primary purpose is diagnostic, seeking to
identify which resume-level attributes retain explanatory power once other factors are accounted for.

02 Geography and education as primary correlates of performance

Two variables stand out as strong predictors of IRR after accounting for all background and industry
covariates. First, geographic location is the most significant and accurately estimated link to performance.
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Search funds in the U.S. or Canada have IRRs about 36 percentage points higher than those in other
regions, after controlling for education, experience, and industry focus. This finding is statistically
significant at the one-percent level and is consistent across various models. Although there are fewer
observations outside the U.S. and Canada (16) compared to the North American sample (139), the
magnitude and consistency of this coefficient suggest that geography reflects meaningful structural
differences such as market depth, deal quality, financing conditions, and the institutional environment—all
of which strongly impact outcomes. Outside the U.S. and Canada, debt markets may be less developed, the
ETA ecosystem may lack robust supporting infrastructure, and exit markets might be weaker, contributing
to these disparities. We are not claiming these are definitive reasons for the gap between U.S. and Canadian
observations and those elsewhere, as we did not test or confirm them, but they may offer plausible
explanations. Additionally, we did not decompose IRR results by specific geographic regions beyond inside
and outside the U.S. and Canada. There could be significant variation in outcomes across different parts of
the world. While this was not the focus of our study, exploring this further would be valuable.

ETA projects outside the U.S. and Canada might require higher underwriting standards, more conservative
check sizes, stricter governance standards, and steeper return hurdles, as well as being viewed as exploratory
or even frontier investing rather than an extension of a proven and established North American model.
Additionally, capital providers should evaluate systemic geographic risk and idiosyncratic searcher risk
separately.

Second, individuals or pairs without MBA training underperform their MBA-trained counterparts by
approximately 25 percentage points in IRR compared to the baseline MBA category (an overall category
we created to group all schools with fewer than eight observations). This coefficient is statistically
significant at the five percent level. Although the number of observations without any MBA representation
(14) is smaller than the MBA-trained group (141), the size and statistical significance of the estimated gap
suggest that this pattern is unlikely to be caused solely by sampling variation. Importantly, the no-MBA
indicator was constructed to exclude mixed partnerships where at least one member has an MBA,
reinforcing that the estimate genuinely reflects non-MBA teams. While this result should not be interpreted
as causal, it suggests a meaningful performance gap associated with attending a formal MBA program.

In contrast, coefficients for individual MBA programs are generally positive but not statistically different
from the baseline MBA category. This suggests that, after accounting for other variables, differences among
specific MBA institutions do not consistently explain variations in IRR beyond the overall distinction
between MBA-trained and non-MBA teams.

Food and beverage show a significant negative relationship with IRR in the single-variable regression. We
did not generate visualizations for every industry we examined because it would have been too
overwhelming for this note. If food and beverage had been significant in the multivariable regression, we
would have discussed this industry more thoroughly. However, it appears that the significance in the simple
regression is actually driven by other variables, so further exploration was not warranted.

03 Single-variable versus multivariable results

The single-variable regressions capture marginal associations between each characteristic and IRR in
isolation, while the multivariable model estimates conditional effects after controlling for education,
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geography, background, and industry simultaneously. Differences between the two, therefore, reflect
underlying shared characteristics across variables rather than instability in the results.

Education shows the clearest pattern. Not having an MBA is strongly linked to lower IRR in both models,
although the effect diminishes after controlling for other factors, indicating that part of the gap is due to
correlated traits like geography or background. The individual MBA programs included in the regression
show positive but statistically imprecise effects throughout. The decrease in the Kellogg coefficient in the
multivariable model reflects overlap with other favorable characteristics rather than a reversal in direction,
and overall suggests that while formal business education matters, isolating differences between specific
programs remains challenging.

Geography emerges as another strong finding. The U.S. and Canada indicator becomes larger and more
statistically significant in the multivariable model, indicating that geographic context reflects structural
differences in markets or institutions that persist even after accounting for education, experience, and
industry.

In the single-variable analysis, partnered searches generally perform slightly better on average. This result
is expected and aligns with the established search fund canon. Partnered teams tend to share other
characteristics that are associated with superior outcomes, such as their location, educational backgrounds,
or previous experience. However, when we account for these factors in the multivariable model, the
apparent advantage of being partnered mostly vanishes. This indicates that partnering itself is not the
primary driver of outcomes. Instead, the initial single-variable finding reflects a group of correlated traits
often found in partnered teams, like education, experience, and location.

Most experience, background, and demographic variables exhibit small and statistically weak effects in both
models, suggesting they have limited independent explanatory power once modeled jointly. Industry effects
display a similar pattern. The negative single-variable result for food and beverage diminishes and becomes
non-significant in the multivariable model, while companies in education show a positive coefficient with
weak statistical significance which increases after controlling for other variables. Software shows no
meaningful relationship throughout. Overall, industry seems to play a secondary role compared to
education and geography in explaining IRR outcomes in this dataset.

04 Background, experience, and industry controls

Most variables related to professional background and experience do not show statistically significant
marginal effects after controlling for education and geography. Factors such as finance and consulting
backgrounds, operations or management experience, partnership status, prior military service, and years of
experience are all small and estimated with low precision. This indicates that much of the perceived
connection between these factors and performance actually stems from selection into a specific geography
or education, rather than from independent additive effects.

Industry controls also do not show strong or consistent correlations with IRR in this model. Indicators for
sectors such as software, food and beverage, and others are not statistically significant, although some point
estimates are economically large and imprecise — likely because of small sample sizes within specific industry
categories.
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05 Interpretation

Overall, the results indicate that the location of the search fund and whether the team has formal MBA
training are the most significant observable factors affecting IRR in our sample. Other resume-level traits,
although potentially relevant in certain cases, do not seem to have substantial or consistent impacts on
returns once location and the presence or absence of an MBA are accounted for.

Conspicuously absent from the list of correlates is partnership. Our single-variable models showed potential
IRR benefits for partnering in a search fund project. However, once we add controls and covariates, factors
like education and geography might explain all or part of the performance difference between solo and
partnered search funds. This could be reassuring for ETA aspirants who lack a clear partner match and feel
pressured to enter a shotgun wedding because of the perceived performance benefits of searching with a
partner.

Limitations

Although we are extremely excited about this note and its research, we recognize that it is not perfect and
has inherent limitations (Figure 35). We study small private ETA companies and rely on generous data
providers to compile relevant datasets. It is a hunt-and-peck process that is far from flawless. However,
while we acknowledge the limitations and would never assert that our analyses are pinpoint perfect, we do
believe they are directionally accurate. Moreover, our assessments are based on data, statistics, and
mathematical analyses; they are not our opinions. We are researchers who analyze data and report the
results. We see four main groups of limitations in our study.

Figure 35: Study limitations we will discuss

@ Omitted variable bias

@ Sample selection via participating data provider

@ Survivor bias
@ Limited observations

01 Omitted variable bias

When a statistical model leaves out one or more important variables that could affect its conclusion, this is
known as omitted variable bias. We may have intentionally or unintentionally excluded relevant variables
in our analyses. For instance, we have not considered factors such as each firm’s industry, unique location,
and temporal cohort or the strategy employed by each company. These are essential elements that could
influence the attribution of enterprise value. Additionally, we have not incorporated unobservable CEO
personality traits like grit, temperament, and coachability.

02 Sample selection via participating data provider

We sincerely appreciate the six investors who kindly provided data for this project. However, with hundreds
of ETA investors, there might be similarities in investor style, strategy, or results. Of course, we wish more
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investors had participated, but we used the data we were able to gather. Additionally, our study does not
include self-funded search funds. Those projects could attract or deter certain demographics, which means
we may have underestimated or overestimated our results.

03 Survivor bias

Our study examines firms that identified an acquisition target and ultimately exited. Anecdotally, more
successful companies tend to be sold, while weaker firms remain in portfolios. As a result, we might not
have captured some underperforming ETA enterprises. Additionally, our analysis starts from the point of
acquisition. We do not consider the demographics or trends leading up to the acquisition, such as the ability
to raise search capital or the success and failure rates of closing deals. Consequently, we may have
overestimated or misinterpreted certain demographic trends.

04 Limited observations

Our dataset contains 155 observations. While this is a reasonable size for ETA firms that have exited, we
wish it were larger. There is some risk that our sample is biased and not representative of the entire
population. We cannot confirm this because we lack data on the full population. Some demographic
categories we examine have few observations, leading to a small sample size. This could impact our
interpretations and the quality of our analysis. We advise readers not to over-extrapolate from themes with
limited data.

Key insights

There was a lot of dense math and statistics in this note, and we are grateful that readers have stuck with
us. We will now try to summarize some key themes in plain English. These are the cardinal insights we
hope will impact readers. While there are many nuanced golden nuggets throughout our note, here are the
main punchlines. Although this provides a high-level précis, readers should consider all the underlying
analysis and synthesize the takeaways within the context of the math. In other words, be cautious of
oversimplification; this is complex and challenging to crystallize.

Figure 36: Key takeaways and insights
0 Few, if any, demographic dimensions provide a material lift
@ Dispersion of outcomes is highly relevant
@ Capital providers should open the aperture

@ Partnerships are not a silver bullet

@ MBA degrees matter in ETA!

01 Few, if any, demographic dimensions provide a material lift

We used a lot of fancy math and statistics to demonstrate that few, if any, demographic factors are the secret
sauce to a successful outcome. Most factors tend to cluster around the sample median or mean. While we
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should not dismiss small IRR variations, they often set the limits for premiums or discounts influenced by
different factors. In the single-variable analyses, the data indicate positive effects from military service,
partnerships, and specific professional experiences such as banking, PE, and consulting. There is also a
negative impact for ventures outside the U.S. and Canada, and for not having an MBA. Some schools yield
better results, but not necessarily the typical top-tier schools, and an MBA from outside the M7 or even
outside the top 15 schools performs just as well.

We worry that these results will vex readers, investors, and entrepreneurs alike, who crave the magic
formula for success. We are unsure if there is one. Perhaps observable demographic factors are not the
primary ingredients for success (our multivariable model explains only 26% of IRR outcomes as being
attributable to observable characteristics), especially given that many in the ETA crowd are overachievers.
Maybe the real prestidigitation comes from unobservable personal qualities like leadership, coachability,
grit, a willingness to learn, emotional resilience, and soft people skills.

02 Dispersion of outcomes is highly relevant

If our study shows that some return convergence and different IRRs are not the headline story, return
dispersion stands out as the key finding. We advise readers to carefully study all the histograms and box
plots in the univariate section. In histograms, skewness conveys information, and in box plots, the shape,
interquartile range, and whiskers offer insights into central tendency and potential variability. This is where
the real opportunity to gain insight lies. Some demographic groups exhibit much less appealing distribution
patterns than others. While we do not claim that demographics alone shape the return paradigm, that story
appears more compelling than simply considering the mean and median.

Dispersion can be either beneficial or problematic and must be considered alongside averages and medians.
The Fates may favor a serendipitous CEO who lands in the top decile, but that is a low-probability bet.
Conversely, some less fortunate actors will end up in the first decile’s basement. The histograms and box
plots’ whiskers and shapes provide clues about the likely return dispersion. Investors and entrepreneurs
need to ask whether they are feeling lucky or playing the high odds.

03 Capital providers should open the aperture

Capital providers often have preconceived notions about demographic trends and their connection to
economic outcomes. There has been a steady drumbeat for decades about what makes a good searcher.
Some of these beliefs are accurate, while others are less so. We hope this note demonstrates to capital
providers that they can and should broaden their perspective and consider additional demographic talent
pools—especially MBA programs. MBAs are associated with returns, but there is less connection with
degree prestige. The data pattern proposes that investors should not overweight high-prestige MBA
programs as much as they do. Median economic outcomes are similar across the top 15, M7, elite, and
other MBA programs. For example, Harvard and Stanford are desirable ponds to fish in, but there are many
other successful fishing holes as well. Furthermore, if everyone is fishing at Harvard and Stanford and it is
highly competitive to even get a line in the water, there are many other terrific ponds with fewer crowds
and great fish. Investors have a wide range of high-performing demographic segments to choose from and
should open the aperture and embrace the full spectrum instead of hewing to outdated frameworks.
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04 Partnerships are not a silver bullet

Conventional wisdom in ETA circles is that partnered search funds generally outperform solo searches. The
widely read and cited 2024 Stanford Graduate School of Business Search Fund Study clearly supports this,
and this common belief is frequently endorsed by investors and community pundits at nearly every ETA-
related conference.

When we examined them in a single-variable vacuum, we found that, overall, partnered search funds tend
to perform better on average than their solopreneur counterparts. The picture becomes more complex,
however, in a multivariable analysis —when we consider other important parameters, such as education and
geography, the advantage of teaming up seems to diminish. Therefore, we cannot definitively say that two
heads are always better than one in a search fund.

05 MBA degrees matter in ETA!

We are delighted to find in our study that MBA degrees matter in ETA excursions. There is a clear pattern:
Initiatives helmed by CEOs with an MBA outperform those led by CEOs without an MBA. Additionally,
observations of MBA CEOs show considerably less downdraft than in the non-MBA sector; this suggests
an association between MBAs and reduced downside risk.

We cannot fully explain the stark difference between MBAs and non-MBAs. We would like to attribute it
to excellent classroom instruction, but it is not solely ascribable to that. MBA programs also offer valuable
co-curricular activities and networking opportunities that produce positive payoffs. For example, the steady
stream of ETA alumni and investors visiting campus for organized lunch-and-learn sessions and one-on-
one coffee chats supplements classroom learning and fosters mentorship connections and opportunities.
The close-knit nature of a graduating class of five searchers creates emotional and intellectual support, and
alumni might be willing to mentor recent graduates. Many of these features may also be available informally
to entrepreneurs without MBAs, but perhaps not with the same level of organization, cohesion, or intensity.
Finally, a two-year interregnum gives aspiring ETAers time and space to truly pause and reflect on their
post-MBA path and explore the ETA landscape. This might lead to more conviction and understanding
about the tasks ahead. Despite these considerations, we do not have sufficient evidence to establish causality
between the presence or absence of an MBA and IRR outcomes. To do that, we would need to conduct a
randomized controlled trial comparing MBAs and non-MBAs.

Conclusion

Demographic characteristics help ETA investors read the tea leaves when deciding to support an
entrepreneur before a business is on the radar screen for assessment. Additionally, entrepreneurs can
evaluate their personal demographics and how these might influence the likelihood of their project’s
success. While we find demographic analysis wholly interesting, we caution readers not to dismiss the
myriad of other factors at play in determining success or failure in the search fund tournament, including
serendipity. In other words, please do not draw false inferential conclusions from the work in this note.

Our research indicates that MBA degrees reduce downside risk and boost returns; the banking, PE, and
consulting sectors generate strong returns; military veterans tend to achieve higher returns; and software,
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a frequently sought-after ETA industry, performs similarly to other sectors. We hope these insights help
capital providers and entrepreneurs in architecting their ventures.

Regardless of your demographic background, the ETA door is wide open for you, and we encourage you to
learn from the insights in our note. However, do not let the results dissuade you from chasing an ETA
dream. Your personal character will influence your success more than your demographics. We wish you
victory and happiness on your pilgrimage and know you will crush it with hard work, intellectual
horsepower, and a dollop of fortuity.

Good luck! We are cheering for you every step of the way!
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This case has been developed for pedagogical purposes. The case is not intended to furnish primary data, serve as an
endorsement of the organization in question, or illustrate either effective or ineffective management techniques or strategies.
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