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Abstract

We examine how draft-pick value declines over the course of the draft in the NFL, NBA,
NHL, and MLB, and how the shape of that decline differs across leagues. Using draft and
All-Star data spanning roughly the last 40 years, we fit cubic B-splines to model two outcomes
by draft position: the probability that a player is ever selected as an All-Star and the expected
number of career All-Star appearances. Draft value declines in all four leagues, but the rate and
shape of that decline vary substantially. Within the first round, the NBA and NHL are markedly
more top-heavy than the NFL and MLB. Across the full draft, the MLB and NHL exhibit the
steepest early decline, whereas the NFL and NBA follow more gradual and broadly similar
trajectories. These cross-league differences may help explain variation in incentives around draft

position, including the greater prevalence of tanking in the NBA and NHL.
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1 Introduction

In the four major North American sports leagues—the National Football League (NFL), National
Basketball Association (NBA), National Hockey League (NHL), and Major League Baseball
(MLB)—the draft serves as the primary mechanism by which teams acquire amateur talent.
Teams select players in sequence, with the expectation that earlier picks will, on average,
produce more value than later ones. A natural question, then, is: how quickly does draft-pick
value decline as the draft progresses? A related question is whether that decline follows a similar

pattern across leagues.

Comparing draft value across sports is difficult because no single performance metric is used
universally. Prior studies have evaluated draft outcomes within individual leagues using
league-specific measures. In MLB, Wins Above Replacement is common (Conforti et al., 2022).
In the NBA and NHL, studies have often used games played or related outcomes (Miguel et al.,
2019; Schuckers, 2011). In the NFL, Pro Bowl appearances and other performance measures are
frequently used (Massey & Thaler, 2005). However, these league-specific approaches complicate

direct comparison across sports.

To address this problem, we use a common outcome shared across all four leagues: All-Star
selection. Although the selection process differs by league, All-Star recognition provides a
standardized signal of elite performance that is broadly comparable across sports. Using All-Star
outcomes, we estimate and compare draft value curves for the NFL, NBA, NHL, and MLB. Our
goal is both descriptive and comparative: to characterize how draft value changes over the course

of each draft and to identify how these value curves differ across leagues.

2 Materials and Methods

For each league, we compiled draft data and career All-Star outcomes for drafted players. For

every player, we recorded two variables:

1. whether the player was ever selected to an All-Star team, and



2. the total number of career All-Star appearances. For the NFL, Pro Bowl selections were

used as the league’s All-Star analog.

Data were collected from Sports Reference, Baseball-Reference, and Kaggle. We focus on drafts
spanning approximately the 1980s through the 2020s, excluding very recent draft classes whose

members have not yet had sufficient time to accumulate All-Star appearances.

We then fit cubic B-spline models in R to estimate, as a function of draft position, two outcomes

for each league:

1. the probability that a drafted player is ever selected as an All-Star, and

2. the expected number of career All-Star appearances.

These fitted curves allow us to compare both the level and the rate of decline in draft value

across leagues.

3  Results

Figures 14 overlay the fitted curves for all four leagues. Additional league-specific plots appear

in Appendix A, and the spline equations for each fitted model are reported in Appendix B.

Figure 1 shows the fitted expected number of career All-Star appearances for picks 1-32. Figure
2 extends this comparison to the full draft, with the horizontal axis normalized by percentage of

draft completed to facilitate comparison across leagues with different draft lengths.

Figure 3 shows the fitted probability that a player drafted in picks 1-32 is ever selected as an
All-Star. Figure 4 presents the same outcome across the full draft, again using draft progress

normalized to the total draft length.
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Figure 1: All Leagues — Average All-Star Appearances by draft position (picks 1-32)
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Figure 2: All Leagues — Average All-Star Appearances by draft position



% ever named all-star by draft pick (1-32)
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Figure 3: All Leagues — Percent ever named All-Star by draft position (picks 1-32)
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Figure 4: All Leagues — Percent ever named All-Star by draft position

Across both outcome measures, draft value declines in every league. However, the shape of the
decline differs meaningfully across sports. In the first 32 picks, the NBA and NHL exhibit
pronounced top-heaviness: the earliest selections carry especially high expected value, followed
by a rapid drop-off. By contrast, the MLB and NFL display more gradual declines over the same

range.



When the entire draft is considered, the MLB and NHL show the sharpest early declines and
approach near-zero value relatively quickly. The NFL and NBA decline more gradually and

follow broadly similar trajectories over the full draft.

4  Discussion

4.1 Interpretation

The central empirical result is that draft value declines across all four leagues, but not at a
common rate. In every league, the decline is steepest at the beginning of the draft and then
flattens as the expected value of later picks approaches zero. What differs across leagues is the

degree of concentration at the top of the draft.

Across the full draft, the MLB and NHL display the steepest early declines. This suggests that a
relatively large share of draft value in those leagues is concentrated in the earliest portion of the

draft. The NFL and NBA, by contrast, follow more gradual trajectories overall.

Restricting attention to the first 32 picks reveals a somewhat different pattern. In that range, the
MLB and NFL show comparatively steady declines, whereas the NBA and NHL are
substantially more top-heavy: the first few selections are especially valuable, after which
expected value falls rapidly. This distinction may help explain why draft position is particularly
consequential in the NBA and NHL.

4.2 Limitations and Future Directions

Using All-Star outcomes provides a novel common metric for cross-league comparison, but the

approach has several limitations.

First, All-Star selection is not identical across leagues. Voting procedures, roster sizes, positional
constraints, and league-specific norms all affect who is selected. As a result, an All-Star

appearance may not represent precisely the same level of achievement in each league.



Second, All-Star outcomes capture elite performance rather than overall career value. This makes
the measure useful for studying the upside associated with a draft pick, but less informative
about differences among non-star players. A player with a long and productive career may still

never receive All-Star recognition.

Third, the developmental pathways for drafted players differ substantially across leagues. MLB
organizations rely heavily on multiple minor-league levels; NHL teams draw from professional,
junior, and college development systems; the NBA has the G League and other pathways; and

the NFL has no comparable minor-league structure. These institutional differences likely affect

both the distribution of player outcomes and the meaning of later-round selections.

Future work could extend this analysis by incorporating alternative outcome measures, such as
career longevity, games played, WAR-based metrics where available, or salary outcomes.
Another useful direction would be to quantify uncertainty around the fitted curves and compare

leagues using formal inferential procedures rather than relying solely on visual inspection.

5 Conclusion

Draft-pick value declines in all four major North American sports leagues, but the shape of that
decline differs substantially by league. Over the full draft, the MLB and NHL exhibit the steepest
early declines, while the NFL and NBA show more gradual overall patterns. Within the first 32
picks, however, the NBA and NHL are the most top-heavy, with especially high value

concentrated in the earliest selections.

These differences have practical implications. In leagues where value is concentrated more
heavily at the very top of the draft, teams may face stronger incentives to prioritize draft position.
Thus, our results are consistent with the greater prevalence of tanking in the NBA and NHL
relative to the NFL and MLB. More broadly, the findings illustrate that draft structure and draft
incentives vary meaningfully across leagues, even when evaluated using a common performance

benchmark.
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Appendix

A Additional Graphs
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Figure 5: NHL — Average All-Star Appearances Cubic B-spline, interior knots at picks 38.17,
75.33, 112.50, 149.67, 186.83; boundary knots at 1 and 224.
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All-Star% by Draft Pick (NHL)
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Figure 6: NHL — Probability of Ever Making an All-Star Game Cubic B-spline, interior knots at
picks 38.17, 75.33, 112.50, 149.67, 186.83; boundary knots at 1 and 224
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Figure 7: MLB — Average All-Star Appearances Cubic B-spline, interior knots at picks 65, 142,
231, 338, 461; boundary knots at 1 and 600.
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All-Star% by Draft Pick Number
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Figure 8: MLB — Probability of Ever Making an All-Star Game Cubic B-spline, interior knots at
picks 101, 231, 396; boundary knots at 1 and 600.
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Figure 9: NFL — Average Pro Bowl Appearances Cubic B-spline, interior knots at picks 84 and
167; boundary knots at 1 and 250.

12



Pro Bowl% by Draft Pick
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Figure 10: NFL — Probability of Ever Making a Pro Bowl Cubic B-spline, interior knots at

Figure 11:

picks 84 and 167; boundary knots at 1 and 250.
Avg All-Star Appearances by Draft Pick (NBA)

R =0.923

Avg All-Star Appearances

Pick Number

NBA — Average All-Star Appearances Cubic B-spline, interior knots at picks 12.80,
24.60, 36.40, 48.20; boundary knots at 1 and 60.
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All-Star% by Draft Pick (NBA)
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Figure 12: NBA — Probability of Ever Making an All-Star Game Cubic B-spline, interior knots
at picks 20.67 and 40.33; boundary knots at 1 and 60.

Avg all-star appearances vs. league average — picks 1-32
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Figure 13: All Leagues — Average All-Star Appearances by draft position compared to league
average (picks 1-32)
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Avg all-star appearances vs. league average — % through draft
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Figure 14: All Leagues — Average All-Star Appearances by draft position compared to league

average

% ever all-star vs. league average — picks 1-32
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Figure 15: All Leagues — Percent ever named All-Star by draft position compared to league

average (picks 1-32)
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% ever all-star vs. league average — % through draft
1.0 = each league's overall player average (raw counts)
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Figure 16: All Leagues — Percent ever named All-Star by draft position compared to league

average

B  Equations

The equations for each league’s models (Figure 5-12) with x being pick number.

Figure 5:

T =1 0.067086 +0.000841 (2 — 112.50) — 0.000096(x — 112.50)% + 0.000001 (2 — 112.50)?,
0.031118 — 0.001024(z — 149.67) + 0.000046(z — 149.67)? — 0.000000(x — 149.67)3,
0.031229 + 0.000360(z — 186.83) — 0.000008(x — 186.83)% — 0.000000(x — 186.83)?,
Figure 6:.
0.494607 — 0.040462(z — 1.00) + 0.001192(2 — 1.00)2 — 0.000011(z — 1.00)3,
0.051146 + 0.000835(x — 38.17) — 0.000081(z — 38.17)% + 0.000001 (2 — 38.17)3,
flz) =

1.778442 — 0.170183(2 — 1.00) + 0.005349 (2 — 1.00)? — 0.000053(z — 1.00)?,
0.130197 4 0.008506(x — 38.17) — 0.000542(z — 38.17)% + 0.000007(z — 38.17)?,

(
(
0.046847 — 0.003610(x — 75.33) + 0.000216(z — 75.33)% — 0.000003(z — 75.33)?,
(
(
(

0.028966 + 0.000007(x — 112.50) — 0.000023(z — 112.50)% + 0.000000(z — 112.50)3,
0.014305 — 0.000360(z — 149.67) + 0.000013(z — 149.67)? — 0.000000(x — 149.67)3,
0.012311 + 0.000087(x — 186.83) — 0.000001(z — 186.83)% — 0.000000(z — 186.83)3,

(
(
0.026574 — 0.000658(x — 75.33) + 0.000040(z — 75.33)% — 0.000001(z — 75.33)3,
(
(
(

16

1.00 <z < 38.17
38.17 < x < 75.33
75.33 <z < 112.50
112.50 <z < 149.67
149.67 < x < 186.83
186.83 <z < 224.00

1.00 <z < 38.17
38.17 < x < 75.33
75.33 <z < 112.50
112.50 < z < 149.67
149.67 < x < 186.83
186.83 < z < 224.00
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https://www.codecogs.com/eqnedit.php?latex=f(x)%3D%5Cbegin%7Bcases%7D0.494607%20-%200.040462(x%20-%201.00)%20%2B%200.001192(x%20-%201.00)%5E2%20-%200.000011(x%20-%201.00)%5E3%2C%20%26%201.00%20%5Cle%20x%20%3C%2038.17%20%5C%5C%5C%5C%200.051146%20%2B%200.000835(x%20-%2038.17)%20-%200.000081(x%20-%2038.17)%5E2%20%2B%200.000001(x%20-%2038.17)%5E3%2C%20%26%2038.17%20%5Cle%20x%20%3C%2075.33%20%5C%5C%5C%5C%200.026574%20-%200.000658(x%20-%2075.33)%20%2B%200.000040(x%20-%2075.33)%5E2%20-%200.000001(x%20-%2075.33)%5E3%2C%20%26%2075.33%20%5Cle%20x%20%3C%20112.50%20%5C%5C%5C%5C%200.028966%20%2B%200.000007(x%20-%20112.50)%20-%200.000023(x%20-%20112.50)%5E2%20%2B%200.000000(x%20-%20112.50)%5E3%2C%20%26%20112.50%20%5Cle%20x%20%3C%20149.67%20%5C%5C%5C%5C%200.014305%20-%200.000360(x%20-%20149.67)%20%2B%200.000013(x%20-%20149.67)%5E2%20-%200.000000(x%20-%20149.67)%5E3%2C%20%26%20149.67%20%5Cle%20x%20%3C%20186.83%20%5C%5C%5C%5C%200.012311%20%2B%200.000087(x%20-%20186.83)%20-%200.000001(x%20-%20186.83)%5E2%20-%200.000000(x%20-%20186.83)%5E3%2C%20%26%20186.83%20%5Cle%20x%20%5Cle%20224.00%5Cend%7Bcases%7D#0

Figure 7:

1.027619 — 0.048414(x — 1.00) + 0.000834(x — 1.00)* — 0.000005(x — 1.00)3,
0.129936 + 0.001361(x — 65.00) — 0.000056(z — 65.00)% + 0.000000(x — 65.00),

(
(
f) 0.058845 — 0.001145(x — 142.00) + 0.000024 (2 — 142.00)% — 0.000000(x — 142.00)3,
xr) = .
0.061388 + 0.000248(z — 231.00) — 0.000008(x — 231.00)% + 0.000000(z — 231.00)3,
0.036584 — 0.000309(x — 338.00) + 0.000003(x — 338.00)% — 0.000000(x — 338.00)3,
0.024672 — 0.000049(z: — 461.00) — 0.000001(x — 461.00)2 + 0.000000(z — 461.00)3,
Figure 8:
0.259633 — 0.006875(x — 1.00) + 0.000071(z — 1.00)% — 0.000000(x — 1.00)3,
(@) 0.039994 + 0.000042(z — 101.00) — 0.000002(x — 101.00)% + 0.000000(z — 101.00)3,
€Tr) =
0.026386 — 0.000137(x — 231.00) + 0.000001(x — 231.00)% — 0.000000(z — 231.00)3,
0.014361 — 0.000047(z — 396.00) — 0.000000(x — 396.00)% + 0.000000(z — 396.00)3,
Figure 9:
2.397483 — 0.079563 (2 — 1.00) + 0.000997(z — 1.00) — 0.000004(x — 1.00)3,
f(z) = { 0.261086 — 0.000856(2: — 84.00) — 0.000049(z — 84.00)2 + 0.000000(x — 84.00)3,
0.081500 — 0.000725(x — 167.00) + 0.000050(x — 167.00)% — 0.000001(x — 167.00)3,
Figure 10:
0.596979 — 0.015618(x — 1.00) + 0.000174(z — 1.00) — 0.000001(z — 1.00)3,
f(z) =< 0.104631 — 0.000987(z — 84.00) + 0.000002(x — 84.00)% + 0.000000(x — 84.00)3,
0.045006 — 0.000385(x — 167.00) + 0.000005(x — 167.00)% — 0.000000(z — 167.00)3,
Figure 11:
3.878018 — 0.927348(x — 1.00) + 0.086382(x — 1.00)2 — 0.002645(x — 1.00)3,
0.617569 + 0.006456(z — 12.80) — 0.007246(z — 12.80)2 + 0.000314(z — 12.80)3,
f(z) = < 0.200393 — 0.033466(x — 24.60) + 0.003863(x — 24.60)? — 0.000140(z — 24.60)3
0.113766 — 0.000679(x — 36.40) — 0.001085(x — 36.40)% + 0.000048(z — 36.40)3,
0.032877 — 0.006409(z — 48.20) + 0.000599(z — 48.20)2 + 0.000016(x — 48.20)3,
Figure 12
0.608434 — 0.078490(x — 1.00) + 0.004160(z — 1.00)? — 0.000075(z — 1.00)3,
f(z) = £ 0.102906 — 0.001942(z — 20.67) — 0.000267 (2 — 20.67)2 -+ 0.000009(z — 20.67)3,

0.029810 — 0.002007 (2 — 40.33) + 0.000264(z — 40.33)2 — 0.000011(z — 40.33)?,

17

1.00 <z < 65.00
65.00 < z < 142.00
142.00 < z < 231.00
231.00 < 2 < 338.00
338.00 < 2 < 461.00
461.00 < z < 600.00

1.00 <z < 101.00

101.00 < 2 < 231.00
231.00 < 2 < 396.00
396.00 < z < 600.00

1.00 < x < 84.00
84.00 < z < 167.00
167.00 < z < 250.00

1.00 <z < 84.00
84.00 < z < 167.00
167.00 < z < 250.00

1.00 <z < 12.80

12.80 < z < 24.60
24.60 < z < 36.40
36.40 <z < 48.20
48.20 < z £ 60.00

1.00 <z < 20.67
20.67 < x < 40.33
40.33 <z <60.00


https://www.codecogs.com/eqnedit.php?latex=f(x)%3D%5Cbegin%7Bcases%7D1.027619%20-%200.048414(x%20-%201.00)%20%2B%200.000834(x%20-%201.00)%5E2%20-%200.000005(x%20-%201.00)%5E3%2C%20%26%201.00%20%5Cle%20x%20%3C%2065.00%20%5C%5C%200.129936%20%2B%200.001361(x%20-%2065.00)%20-%200.000056(x%20-%2065.00)%5E2%20%2B%200.000000(x%20-%2065.00)%5E3%2C%20%26%2065.00%20%5Cle%20x%20%3C%20142.00%20%5C%5C%200.058845%20-%200.001145(x%20-%20142.00)%20%2B%200.000024(x%20-%20142.00)%5E2%20-%200.000000(x%20-%20142.00)%5E3%2C%20%26%20142.00%20%5Cle%20x%20%3C%20231.00%20%5C%5C%200.061388%20%2B%200.000248(x%20-%20231.00)%20-%200.000008(x%20-%20231.00)%5E2%20%2B%200.000000(x%20-%20231.00)%5E3%2C%20%26%20231.00%20%5Cle%20x%20%3C%20338.00%20%5C%5C%200.036584%20-%200.000309(x%20-%20338.00)%20%2B%200.000003(x%20-%20338.00)%5E2%20-%200.000000(x%20-%20338.00)%5E3%2C%20%26%20338.00%20%5Cle%20x%20%3C%20461.00%20%5C%5C%200.024672%20-%200.000049(x%20-%20461.00)%20-%200.000001(x%20-%20461.00)%5E2%20%2B%200.000000(x%20-%20461.00)%5E3%2C%20%26%20461.00%20%5Cle%20x%20%5Cle%20600.00%5Cend%7Bcases%7D#0
https://www.codecogs.com/eqnedit.php?latex=f(x)%3D%5Cbegin%7Bcases%7D0.259633%20-%200.006875(x%20-%201.00)%20%2B%200.000071(x%20-%201.00)%5E2%20-%200.000000(x%20-%201.00)%5E3%2C%20%26%201.00%20%5Cle%20x%20%3C%20101.00%20%5C%5C%200.039994%20%2B%200.000042(x%20-%20101.00)%20-%200.000002(x%20-%20101.00)%5E2%20%2B%200.000000(x%20-%20101.00)%5E3%2C%20%26%20101.00%20%5Cle%20x%20%3C%20231.00%20%5C%5C%200.026386%20-%200.000137(x%20-%20231.00)%20%2B%200.000001(x%20-%20231.00)%5E2%20-%200.000000(x%20-%20231.00)%5E3%2C%20%26%20231.00%20%5Cle%20x%20%3C%20396.00%20%5C%5C%200.014361%20-%200.000047(x%20-%20396.00)%20-%200.000000(x%20-%20396.00)%5E2%20%2B%200.000000(x%20-%20396.00)%5E3%2C%20%26%20396.00%20%5Cle%20x%20%5Cle%20600.00%5Cend%7Bcases%7D#0
https://www.codecogs.com/eqnedit.php?latex=f(x)%3D%5Cbegin%7Bcases%7D2.397483%20-%200.079563(x%20-%201.00)%20%2B%200.000997(x%20-%201.00)%5E2%20-%200.000004(x%20-%201.00)%5E3%2C%20%26%201.00%20%5Cle%20x%20%3C%2084.00%20%5C%5C%200.261086%20-%200.000856(x%20-%2084.00)%20-%200.000049(x%20-%2084.00)%5E2%20%2B%200.000000(x%20-%2084.00)%5E3%2C%20%26%2084.00%20%5Cle%20x%20%3C%20167.00%20%5C%5C%200.081500%20-%200.000725(x%20-%20167.00)%20%2B%200.000050(x%20-%20167.00)%5E2%20-%200.000001(x%20-%20167.00)%5E3%2C%20%26%20167.00%20%5Cle%20x%20%5Cle%20250.00%5Cend%7Bcases%7D#0
https://www.codecogs.com/eqnedit.php?latex=f(x)%3D%5Cbegin%7Bcases%7D0.596979%20-%200.015618(x%20-%201.00)%20%2B%200.000174(x%20-%201.00)%5E2%20-%200.000001(x%20-%201.00)%5E3%2C%20%26%201.00%20%5Cle%20x%20%3C%2084.00%20%5C%5C%200.104631%20-%200.000987(x%20-%2084.00)%20%2B%200.000002(x%20-%2084.00)%5E2%20%2B%200.000000(x%20-%2084.00)%5E3%2C%20%26%2084.00%20%5Cle%20x%20%3C%20167.00%20%5C%5C%200.045006%20-%200.000385(x%20-%20167.00)%20%2B%200.000005(x%20-%20167.00)%5E2%20-%200.000000(x%20-%20167.00)%5E3%2C%20%26%20167.00%20%5Cle%20x%20%5Cle%20250.00%5Cend%7Bcases%7D#0
https://www.codecogs.com/eqnedit.php?latex=f(x)%3D%5Cbegin%7Bcases%7D3.878018%20-%200.927348(x%20-%201.00)%20%2B%200.086382(x%20-%201.00)%5E2%20-%200.002645(x%20-%201.00)%5E3%2C%20%26%201.00%20%5Cle%20x%20%3C%2012.80%20%5C%5C%200.617569%20%2B%200.006456(x%20-%2012.80)%20-%200.007246(x%20-%2012.80)%5E2%20%2B%200.000314(x%20-%2012.80)%5E3%2C%20%26%2012.80%20%5Cle%20x%20%3C%2024.60%20%5C%5C%200.200393%20-%200.033466(x%20-%2024.60)%20%2B%200.003863(x%20-%2024.60)%5E2%20-%200.000140(x%20-%2024.60)%5E3%2C%20%26%2024.60%20%5Cle%20x%20%3C%2036.40%20%5C%5C%200.113766%20-%200.000679(x%20-%2036.40)%20-%200.001085(x%20-%2036.40)%5E2%20%2B%200.000048(x%20-%2036.40)%5E3%2C%20%26%2036.40%20%5Cle%20x%20%3C%2048.20%20%5C%5C%200.032877%20-%200.006409(x%20-%2048.20)%20%2B%200.000599(x%20-%2048.20)%5E2%20%2B%200.000016(x%20-%2048.20)%5E3%2C%20%26%2048.20%20%5Cle%20x%20%5Cle%2060.00%5Cend%7Bcases%7D#0
https://www.codecogs.com/eqnedit.php?latex=f(x)%3D%5Cbegin%7Bcases%7D0.608434%20-%200.078490(x%20-%201.00)%20%2B%200.004160(x%20-%201.00)%5E2%20-%200.000075(x%20-%201.00)%5E3%2C%20%26%201.00%20%5Cle%20x%20%3C%2020.67%20%5C%5C%200.102906%20-%200.001942(x%20-%2020.67)%20-%200.000267(x%20-%2020.67)%5E2%20%2B%200.000009(x%20-%2020.67)%5E3%2C%20%26%2020.67%20%5Cle%20x%20%3C%2040.33%20%5C%5C%200.029810%20-%200.002007(x%20-%2040.33)%20%2B%200.000264(x%20-%2040.33)%5E2%20-%200.000011(x%20-%2040.33)%5E3%2C%20%26%2040.33%20%5Cle%20x%20%5Cle%2060.00%5Cend%7Bcases%7D#0
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