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Abstract
Recent models and empirical work on network formation emphasize the importance of
propinquity in producing strong interpersonal connections. Yet, one might wonder how deep
such insights run, as thus far empirical results rely on survey and lab-based evidence. In this
study, we examine propinquity in a high-stakes setting of talent allocation: the Major League
Baseball (MLB) Draft. We examine draft picks from 2000-2019 across every MLB club of the
nearly 30,000 players drafted (from a player pool of more than a million potential draftees). Our
findings can be summarized in three parts. First, propinquity is alive and well in our setting, and
spans even the latter years of our sample, when higher-level statistical exercises have become the
norm rather than the exception. Second, the measured effect size is important, as MLB clubs pay
a real cost in terms of inferior talent acquired due to propinquity bias: for example, their draft
picks appear in 25 fewer games relative to teams that do not exhibit propinquity bias. Finally,
the effect is found to be the most pronounced in later rounds of the draft (after round 15), where
the Scouting Director has the greatest latitude.
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1. Introduction

Spatial considerations have played a central role in economics for centuries. Within regional and

urban economics, spatial composition of firms represents a key driver to both Marshallian

agglomeration externalities as well as Jacobs externalities (Marshall, 1890; Jacobs, 1969), and

has been linked to innovation spillovers (Jaffe et al., 1993). A workhorse model within

international trade to predict bilateral trade flows is the gravity model, which is based on the

economic size and distance between two countries to mimic gravitational interaction, as

described in Newton’s Law of Gravity (Isard, 1954). A similar approach has been used to model

immigration flows (Ramos, 2016). In 1929, Hotelling introduced his competitive model to the

Industrial Organization literature highlighting the relationship between location and prices. His

key argument held that firms do not exercise product differentiation, rather they compete via

prices based on geographic location (Hotelling, 1929). Space has even played a role in how

much pleasure a specific action is theorized to induce. In his felicific calculus, Bentham (1789)

surmised that the amount of hedonic pleasure from consumption was a direct function of its

remoteness, or “propinquity”.

Of course, space has played a central role across other social sciences as well. In

sociometrics, the concept of space can be linked to Durkheim’s (1893) work. And, while in the

early literature space occupied a back seat behind the traditional determinants of interpersonal

connections (such as age, socioeconomic status, gender, and race (Bell, 1981), propinquity has

played an increasingly important role in network formation.1 Two people working on the same

floor of a building, for example, have a higher propinquity than two workers from different

floors, just as two people with similar political beliefs possess a higher similarity than those

1 The term Propinquity comes from social psychology and has come to mean physical proximity (Nahemow and
Lawton, 1975).
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whose beliefs strongly differ. There are now dozens of studies that show the power of

propinquity in determining partnerships and friendships. A conclusion from this literature is that

few variables are more important than propinquity when it comes to understanding the allocation

of people to people (see, e.g., Reagans, 2011).

In this study, we move the research question from the examination of people connected to

people to one of exploring people to organizations. Since a central feature of economics is the

efficient allocation of talent, an important empirical question relates to whether propinquity is a

factor within labor markets. Our specific empirical setting is a high-stakes environment whereby

we examine the Major League Baseball (MLB) Player Draft from 2000-2019. Specifically, we

explore the draft picks across every MLB club of the nearly 30,000 players drafted (from a

player pool of more than a million potential draftees).

Our key analysis of propinquity revolves around the spatial similarity of the players

under consideration and the Director of Scouting for each Major League club. Importantly, over

this time period given that the draft was several rounds long (between 40 and 50), we can explore

if players drafted earlier (who receive much more scrutiny than those drafted in later rounds)

have less propinquity effects than those drafted in later rounds, where the scouting director has

more latitude to drive the decision. We also employ several counterfactual exercises including

when Directors of Scouting change clubs, when they change locations, and when two different

Directors work for teams located in the same city. In this sense, we are also afforded the

opportunity to examine if the spatial similarity of the players under consideration and the Major

League club itself is important.

We report several insights. First, propinquity is alive and well in our setting, and spans

even the latter years of our sample, when higher-level statistical exercises have become the norm
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rather than the exception. For example, in our base model, a player is 7.1% more likely to be

drafted by a particular team if he lives 1000km closer to the scouting director, controlling for

quality of skill, and 4.9% more likely to be drafted by a particular team if he lives 1000km closer

to the city where that team plays.

Second, the measured effect size is important, as MLB clubs pay a real cost in terms of

inferior talent acquired due to propinquity bias: for example, their draft picks appear in 25 fewer

games relative to teams that do not exhibit propinquity bias. In addition, in a counterfactual

exercise we explore the effects for Scouting Directors who change teams and we find that a

Director is 9.9% more likely to draft a player who lives 1000km closer to the director, if the

scouting director is on his first team, whereas the director is 14.4% more likely to draft a player

who lives 1000km closer to him, if the scouting director is on his second team (as directors move

to a second team, getting closer on average). This result suggests Directors fail to learn about the

bias over time and for their new job.

Finally, the effect is found to be the most pronounced in later rounds of the draft (after

round 15), where the Scouting Director has the greatest latitude. For instance, for rounds 16+,

our results imply that a player is 11.4% more likely to be drafted by a team if he lives 1000km

closer to the city where the team plays, and 11.8% more likely to be drafted by the team if he

lives 1000km closer to the scouting director, controlling for player quality.

The remainder of our study begins with a discussion of the propinquity literature. We

then summarize our data, the empirical approach, and our results in Section 3. Section 4

concludes.
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2. Brief Literature Overview

Similarity and propinquity are deeply embedded in the decision-making processes of both

individuals and firms alike. A facet that we focus on here is the social aspect of propinquity. A

number of papers have documented individuals’ preferences for others who are socially similar

to them. In the personal sphere, adult friendship has been demonstrated to be homogeneous along

age, gender, religion (Bell, 1981; McPherson et al., 2001), ethnicity, and even behaviors and

ability (Hartup and Stevens, 1997; Adams and Allan, 1998). In recent years, there is also

growing evidence that social relationships can also favor political similarity (Huber and

Malhorta, 2017). Moreover, the preference for social similarity is consistent across different

demographic groups, from college students (Godley, 2008) to older teachers (Reagans, 2011).

Such observations can be explained in economic models of friendships as being due to both

endogenous, homophilic preferences, and exogenous, differing opportunity sets (Currarini et al.,

2009).

The effects of social similarities extend beyond friendship formations. A natural field

experiment using correspondence tests on help-wanted advertisements found that

African-American names elicit the same decrease in callbacks as the unrecognizable

foreign-sounding names with no clear ethnic association, suggesting preference for ethnic

similarity in the labor market is a large factor in ethnicity discrimination in the labor market

(Jacquemet and Yannelis, 2012). Another paper found evidence that doctors refer to specialists of

their same gender, contributing to some of the earnings gap among physicians (Zeltzer, 2020).

Indeed, there are important consequences in the labor market due to social propinquity. This

type of relationship has even been found to affect charitable giving, as List and Price (2009) find
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some evidence of similarities in race and gender affecting giving rates (though the economically

significant result in their data is discriminatory in nature).

We view propinquity operating in the spatial, or physical, sense. Since the propinquity

effect was first proposed in Festinger et al. (1950), numerous papers have documented the

importance of physical propinquity in friendship formation among neighbors (Nahemow and

Lawton, 1975; Reagans, 2011), subjects in lab experiments (Shin et al., 2019), and classmates

(Kubitschek and Hallinan, 1998). Additionally, such physical nearness amplifies social ties

among religious congregation members (Bulten, 2002) and teachers and school staff in

elementary schools (Spillane et al., 2017), affects a firm’s social influence among consumers

(Becker and Meyners, 2017), and even likelihood of marriage (Bossard, 1932). This mechanism

is likely due to physical propinquity increasing exposures between individuals or firms. In labs,

children have shown preferences for friendship formation with children whose pictures they had

more exposure to (Ball and Cantor, 1974; Liberman and Shaw, 2019), and people who have

repeated contact with gay or lesbian individuals display friendlier attitudes towards them

(Overby and Barth 2002; Anderssen, 2002).

While physical propinquity has been found in networks, we view the work on investment

decisions as related to our main hypothesis as well. An example is the well-documented

home-bias effect among US investors, both internationally in favor of the United States (French

and Poterba, 1991), domestically in favor of geographically proximate equities (Coval and

Moskowitz, 1999), and even in online transactions (Hortaçsu et al., 2009). Many papers attribute

the bias to information asymmetry and high information costs (Coval and Moskowitz, 2001;

Ahearne et al., 2004) as a reason, possibly due to investors profiting more from knowing

information others do not know (Nieuwerburgh and Veldkamp, 2009). Moreover, retail funders
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investing in artists on crowdfunding platforms also demonstrate a physical propinquity bias

(Agrawal et al., 2015).

In the spirit of this literature, Scouting Directors might profit (odds of winning) from

scouting in geographically proximate locations that they are familiar with through repeated

exposure. While our data will not allow us to pinpoint which of the various mechanisms are at

work, we do have rich enough data to explore for the presence of propinquity effects.

3.  The Data, The Empirical Approach, and The Results

In this section we first explore our data and the various sources used. We then discuss

our empirical approach to estimating a basic propinquity model and summarize several

counterfactual exercises. Our empirical approaches are standard from the literature, but it should

be noted that we do not control the assignment mechanism of our key treatment variables so to

make strong causal statements at times untenable assumptions must be made (see Harrison and

List, 2004).  We therefore refrain from structural language throughout.

3.1 The Data

Our data includes all players who have been drafted into professional baseball from

2000-2019 (for 20 years). In total, this provides information on 27,679 players over these 20

years.  We also collect performance data for more than 300,000 ‘draftable’ players from sources

such as Perfect Game, Game Changer, Prep Baseball Report (PBR), and NCAA data.

These data are compiled in an advanced Machine Learning (ML) model to predict expected

performance of players based on their high school and college profiles.  The intuition behind the

Machine Learning Model is to divide the database into two sets of training and test.  We build
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our model parameters based on the training dataset, and then evaluate the accuracy of our model

on our test database. Therefore, by training Decision Trees for all measures, the remaining part

of the database (test) is used for testing the accuracy of the model and making adjustments to the

model accordingly. The developed model predicts various outcomes including expected draft

round, probability of making it to the majors, and even Wins Above Replacement (WAR) score

for each player. This model enables us to estimate a player’s expected performance (player’s

quality).

Our last necessary data ingredient to test for propinquity bias is to determine physical

distances between players from both high school and college to each Scouting Director and MLB

team.  As two of the co-authors were employed by a MLB club during the production of this

research, we were able to use proprietary data to measure distances.  This unique database

provides the opportunity to conduct the proposed analysis of propinquity.

3.2 Empirical Approach and Results

At the most basic level, we can examine our data by using a simple logistic regression model

conditioning on factors that may influence whether a player is drafted:

Drafted = f(α + β`X), (1)

where Drafted equals 1 if a player was drafted, 0 otherwise; f(•) = 1/(1 + e-m) is the standard logit

function; and X includes player-specific variables that may affect the propensity to be drafted as

well as distance measures.  Variables in X include various combinations of first year WAR (if

players ultimately make it to the majors), first 7 seasons WAR, performance metrics in majors,
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and player’s quality from our ML model.  Moreover, two types of distances (player’s distance to

the team, and player’s distance to the scouting director) were calculated. The intuition behind

this analysis is that we are conditioning on observable factors that affect quality (both data

available at the draft and thereafter, though if we just include results from our ML model the

qualitative estimates remain the same) and are therefore testing for propinquity bias conditional

on these controls.  The resulting estimates provide a logs odd ratio that can be interpreted as the

likelihood of being drafted based on your spatial location.

After estimating this base model, we then use a similar regression approach to explore

various counterfactuals.  These various counterfactual analyses are performed to check the

robustness of findings and to provide different approaches to explore propinquity. For instance,

the propinquity effect can be measured when two MLB clubs share locations but their Directors

of Scouting live in different cities, or when Scouting Directors change teams but they remain in

the same location (we explored when Scouting Directors changed locations themselves but there

was not a large enough sample to draw any conclusions.

Base Model:  All-Director Analysis Across Rounds

This section starts with testing whether propinquity exists in the drafting process with

inclusion of all directors throughout the entire draft.  Table 1 provides summary estimates from

equation (1).  Summarized results include coefficients in the logistic regression that are marginal

effects (one can take natural log(odds ratio)/1000 for inference).
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TABLE 1:  Propinquity Estimates for the Base Model

The results suggest that greater distance (both to the team and to the director) reduces the

probability of being drafted under all sets of controls. Interpreting our results, for each model, we

report the odds ratio and the p-value.  In context, this means that, for the first model, a player is

7.1% more likely to be drafted by a particular team if he lives 1000km closer to the scouting

director, controlling for quality of skill, and 4.9% more likely to be drafted by a particular team if

he lives 1000km closer to the city where that team plays.

Table 1 provides interesting initial insights, but the MLB draft experts understand that

there are important asymmetries across rounds of the MLB draft.  For example, there is a

heterogeneity between players that are drafted in various rounds. In other words, a 1st round draft

cannot be compared with a 30th round draft because of the heterogeneity in amount of exposure

and attention each player receives:  while players considered to be prospects for early rounds

receive scrutiny from dozens of scouts for each team, those drafted later receive much less

scrutiny.  Therefore, Scouting Directors have much greater latitude in terms of drafting according

to their own preferences in later rounds of the MLB draft.  To test if such latitude matters in the

draft, we again estimate equation (1) but allow heterogeneity across early, mid, and later rounds.

Table 2 provides those estimates.
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TABLE 2:  Propinquity Heterogeneity Across Rounds

Again we report odds ratio and p-value for distance in each model specification. For rounds 16+,

our results imply that a player is 11.4% more likely to be drafted by a team if he lives 1000km

closer to the city where the team plays, and 11.8% more likely to be drafted by the team if he

lives 1000km closer to the scouting director, controlling for first year war.  Also, we report odds

ratio and p-value for distance in each model specification. For rounds 16+, our results imply that

a player is 6.5% more likely to be drafted by a team if he lives 1000km closer to the city where

the team plays, and 4.0% more likely to be drafted by the team if he lives 1000km closer to the

scouting director when using the ML Model Prediction for quality of skill.

Here, it can be seen that the distance to team is a much stronger predictor of draft success in

later rounds (16+) as opposed to early rounds (1-5), when controlling for player’s quality (using

scores from ML model). Accordingly, distance to director matters throughout, but is also a

stronger predictor in later rounds.
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Counterfactual Analysis:  Directors Changing Teams

One first robustness test we consider is to explore directors who have changed teams. This

analysis creates the opportunity to test whether drafting patterns change when directors’ MLB

club changes location.  In addition, this analysis shows whether there are level differences

between these directors and others, in terms of the average distance of players chosen.

To conduct the analysis, it is worthwhile mentioning that of the 124 total MLB scouting

directors from 2000-2019, 13 have worked for more than one team and all of those worked for

exactly two teams. Of those 13, 7 moved to a team closer to their hometown, 5 moved further

away, and 1 moved a few miles away. On average, MLB directors’ hometowns are 917 km from

their team city, however two-team directors are different. On their first team, their average

distance is 1375 km while on their second team, their average distance is 1045 km. Thus,

directors who have been employed by two-teams are characterized by having their second team

being located closer to their home residence.

Then, the question becomes how distance to drafted players changes after their move.

Interestingly, for the second team, the average player distance to a team is 15% lower (1612 km

vs 1893 km) and average player distance to a director’s hometown is 13% lower (1600 km vs

1844 km). In aggregate, this finding reveals that directors tend to draft players from nearby areas

when they move closer to their hometowns.

We can move from anecdotes to more formal data analysis by estimating equation (1) to

explore how drafting decisions change due the scouting director move.  Table 3 summarizes our

empirical results.
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TABLE 3:  Propinquity Measures:  Directors Changing Teams

Similar to our previous tables, we report the odds ratio (exp(1000*coefficient)) and the

p-value for each specification. Here, we also adjust for the cluster effect of directors in each

regression. Interpreting the first model, controlling for player quality with first year war, a

director is 9.9% more likely to draft a player who lives 1000km closer to the director, if the

scouting director is on his first team, whereas the director is 14.4% more likely to draft a player

who lives 1000km closer to him, if the scouting director is on his second team (as directors move

to a second team, getting closer on average). This supports our anecdotal finding that propinquity

bias increased as directors moved to a second team. (We do not report model statistics for

performance metrics (g, ab, hr, etc.) as the results were not significant).  This suggests that player

distance is a stronger predictor of draft probability on the second team, under all 4 sets of

controls.

Counterfactual Analysis:  Cities with Two Teams

A second type of counterfactual analysis that we consider relates to multiple teams being

located in the same city.  This permits us to focus on an empirical estimate that equalizes MLB

club location but varies scouting director location. In other words, in these markets, two teams
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have access to the same pool of local players but the scouting directors live in different cities.

This analysis allows us to compare the strategies of these teams in how they select players.

To operationalize this idea, we consider 5 pairs of teams that are located in the same region:

Chicago, New York, Los Angeles, California Bay Area, Baltimore/Washington DC. It’s worth

noting that Washington DC did not have a team prior to 2005 and players drafted more recently

may not have reached MLB yet, so the original database was filtered for years 2005-2015.

We then calculate the average draft distance for these teams for the second half of the draft

(rounds 25+). These rounds have the highest amount of propinquity bias based on the findings

from Table 2.  Table 4 provides summary results.

TABLE 4:  Propinquity Measures:  Cities with Two Teams
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As shown in the top panel of Table 4, on average one of the teams (in each region) tends to

draft players that live closer to the team, sometimes by more than several hundred kilometers.

This can be considered as a treatment for drafting players from nearby areas (or propinquity

treatment). Thus, in all 5 markets, the team on the right takes more players from nearby than the

team on the left.

The bottom panel of Table 4 provides the estimated cost of the propinquity bias.  After

controlling for the team fixed-effect and other variables such as distance to the team/director,

player’s type (high school vs college), and quality of player (using ML Model predictions), it

turns out that teams in the propinquity treatment actually end up using those drafted players 25

games less as compared to those teams with no or less propinquity (once those players make it to

the majors).  Even when we drop the more restrictive control (quality score of a player from the

ML model), those drafted players still play in 10 fewer games.

Games Played in MLB = f (Type1 if HS, 0 if NCAA, distance to director, Propinquity Treatment, ML Model Score, Team Fixed

Effect)

Overall, given that the median career length of MLB draft picks is 0 career games played

at the Major League level, the expected differences exhibited in our results are resounding.

Teams having propinquity bias can expect their draft picks to appear in 25 fewer games relative

to their “locational twin” that has less propinquity bias.

4. Clustering Analysis

In order to better understand the heterogeneity between various strategies that scouting directors

and teams have employed across different years, in this section of the paper a clustering analysis

is conducted. In general, clustering analysis is used for identifying similar groups within a
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population by minimizing the distance/difference between members of each identified group.

Here a wide range of clustering analysis, including hierarchical and K-means clustering, are

employed. The hierarchical clustering returned more interpretable and meaningful results. which

are explained below.

To perform the hierarchical clustering, we used Ward's method,  which works based on

minimizing the variation within clusters. In addition, distances between group members are

measured based on the Euclidean distances. Overall, the hierarchical clustering reveals having 6

unique groups of players based on their performance and draft rounds.

Table 5 summarizes high level statistics of these clusters based on the performance

metrics of players in each cluster, WAR score, distance to the team and director. The table begins

to add clarity on the different strategies for drafting players. In particular, focusing on cluster 4,

which has the lowest WAR stats and the highest average draft round, the average draft round for

this cluster is 31, which falls into the 2nd half of draft rounds. Interestingly, for players in this

cluster the average distance to the director and team are relatively small, which confirms the

propinquity bias studied in the previous sections. In other words, cluster 4 shows one of the

existing drafting strategies that involves taking players from nearby in late rounds, yielding

unimpressive career outcomes for those players.

TABLE 5:  A Cluster Approach to Propinquity
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5. Epilogue

Prior to the rise of statistics, analytics, and computing power, baseball teams were entirely reliant

on scouting to evaluate talent. Today, while a few teams are able to spend hundreds of millions of

dollars on free agents, most teams are dependent on the amateur draft to acquire players with the

potential to be stars. Unlike in other sports, however, baseball draft picks often need several

years of development in the minor leagues before they are ready to compete at the highest level.

Because it can take a while for players to reach their potential, draft scouting is not just about

evaluating how players are performing currently, but about projecting what they will be able to

perform in their prime.

History has shown that these projections are far from perfect, with factors such as height,

race, and climate influencing scouts’ estimates of how well players will perform in the future.

With so many variables creating bias in draft decisions, we hypothesize that propinquity

(geographical proximity) influences the evaluations that scouts develop on players. Different

types of propinquity or locational proximity have been studied by researchers in different fields

but to our knowledge the exploration of talent allocation to organizations in a high stakes setting

is entirely fertile ground.

This paper focuses on the MLB draft for the first 20 years of this century.  With an ability

to control for several features of ability, we use a regression approach to examine the effects of

propinquity in this setting.  We report interesting results that show the reach of propinquity might

be beyond what even the most optimistic propinquity theorists might have suspected.
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