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Abstract. For leagues like the National Hockey League (NHL), that use a draft to allocate players to
team, the valuation of draft picks is an important topic. There is a robust literature of approaches to the
creation of draft pick value charts (DPVCs). Our focus will be on a DPVC that values picks based upon
the performance of past selected players. In this paper we propose two additions to this literature. First,
we introduce two new Bayesian methodologies for estimation of the values in a DPVC. Both of these
approaches create a flexible monotonic DPVC. These methodologies, along with a traditional LOESS
approach, are compared and evaluated via cross-validation. Second, we generate credible intervals to
move beyond point estimation for the evaluation of draft picks. Our methods are applied to three
different responses variables: games played, time on ice, point shares and games above replacement. We
evaluate these techniques using cross-validation on players selected as part of the NHL drafts from 2009
to 2018 and we find that a monotonic Bayesian B-spline model does best based upon cross-validation
performance. For the resulting model, we provide tables (with interval bounds) for each of our three
responses.

Keywords: Bayesian monotonic regression · credible intervals · draft pick value chart · sports analytics
· ice hockey.

1 Introduction

Leading up to the 2024 NHL draft, the San Jose Sharks traded draft picks 14 and 42 to the Buffalo Sabres
for pick 11. With the 11th selection the Sharks chose Sam Dickinson, while the Sabres chose Konsta Helenius
and Adam Kleber with the 14th and 42nd picks, respectively. Teams, fans, media and analysts often want to
evaluate trades such as this. While hindsight will likely tell us who ‘won’ this trade, in this paper we aim to
develop a robust and flexible methodology for the evaluation of such trades when they occur.

Many North American professional sports leagues use a draft to allocate newly eligible players to the teams
in those leagues. Among the leagues that use a draft in this manner are Major League Baseball (MLB), the
National Basketball Association (NBA), the National Football League (NFL), the National Hockey League
(NHL) and the Professional Women’s Hockey League (PWHL). Generally, a draft consists of several rounds,
each team starts with a single selection or pick in each round and teams that finished the previous season
with the worst records select earlier in each round. Draft selections are considered assets and can be traded
either for other draft picks or for players. Consequently, how to value those assets has been a source of
research across sports. This is especially true since many of the collective bargaining agreements (CBAs)
between teams set a fixed, often below market rate, contract structure for some of the draft selections. See,
for example, the CBA for the NFL [7] or for the NHL [1].

The questions of how to value draft picks has an extensive history. Most authors attribute the first
draft pick value chart (DPVC) to the Dallas Cowboys of the NFL in the 1990’s. Since that time, there has
been a proliferation of DPVC’s in many sports, e.g. basketball, football, and hockey. Generally, there are
three basic approaches to the valuation of draft picks. First picks can be valued based upon historical trade
data. Recently, Brill and Wyner [2] added to the literature in this area by comparing the trade market to
the probability of gaining an elite player with each draft pick. In the NHL, seminal work by Tulsky [17]
summarized some previous work on trades and generated a trade based DPVC. Second, player performance
during some portion of their career can be used to define a DPVC. Among the first to consider this approach
were Stuart [16] and Schuckers [15] in the NFL and Schuckers [14] in the NHL. Third, the first contract that
a players signs after their rookie contract expires can be used to value draft picks. In a classic paper, Massey



and Thaler [11] argued that early first round picks were overvalued based upon the subsequent contracts
that they signed. A nice summary of the methodological approaches was provided by Lopez [9].

In this paper we will focus on the NHL draft. In addition to the aforementioned articles, there has been
no shortage of attempts to create a DPVC for the NHL. Notable research has been done by Schuckers
[13], Moreau [12] and Luszczyszyn [10]. One limitation of the current DPVC’s is that they provide a point
estimate for each draft pick. From a statistical perspective it is important to acknowledge the variability in
the estimated values. In this paper, we propose two new methodological approaches to estimation of a draft
pick value chart. In particular, we propose flexible Bayesian monotonic regression methods for evaluation of
draft picks. Additionally, these methods create credible intervals for the value of each selection. We approach
valuing draft picks using several player performance metrics.

All of the methods for this paper can be found in a github respository: https://github.com/Yufeiiiii/
draft-research/tree/main.

Fig. 1. Observed Raw Values for Response Variables by Draft Selection

2 Data

Our methodology is driven by an application to the National Hockey League (NHL) draft. To that end, we
utilize data on players from the 2009 to 2018 NHL drafts. For each selected player, we aggregate performance
over the first seven NHL seasons following [14] and [13]. Seven seasons was chosen as the number of years that
teams have control over drafted players during this period [1]. The latest collective bargaining agreement
(CBA) alters this window so that team’s have contractual control over players until age 25, so that players
drafted after age 18, so-called ‘overagers’ have smaller windows. We consider four response variables of player
performance: Games Played (GP), Time On Ice (TOI), Points Shares (PS) and Games Above Replacement
(GAR). Data on GP, TOI, and PS were collected from www.hockey-reference.com [8], GAR data was
obtained from evolving-hockey.com [19]. Point Shares is measured in NHL standing points, Kubatko [6],
and GAR is measured in goals.

Since our data include the COVID-affected seasons of 2019–2020 and 2020–2021, we applied a scaling
adjustment to account for the shortened number of games in those seasons. Specifically, player performance
metrics were rescaled to an 82-game equivalent season. For the 2019–2020 season, we used a multiplier of
82/69.8, and for the 2020–2021 we used a multiplier of 82/56. We used 69.8 in the first adjustment since
this was the average number of games that teams played that season. This adjustment allows performance
metrics to be more comparable across seasons with different schedule lengths.

For players who were not in the NHL in a given season, we assigned a value of 0 to their TOI and GP.
For PS, we assigned a value of −2.5 for each season a player was not in the NHL and for GAR, we imputed
a value of −22.5. Those values were chosen because they were one unit below the minimum value for players
that appeared in NHL games. The logic is that a player playing in the NHL should be more valuable to a
team than a player who does not appear in the NHL. This mirrors the difference between 1 GP and 0 GP
and 1 minute of TOI and 0 minutes of TOI. Because we want each draft pick to have a positive value in the

https://github.com/Yufeiiiii/draft-research/tree/main
https://github.com/Yufeiiiii/draft-research/tree/main
www.hockey-reference.com
evolving-hockey.com


draft pick chart, we then substracted the minimum of the cumulative values for each response variable from
each cumulative value. That is, yi = yrawi −mini∈I yi

raw where yrawi is the sum total of the first seven years
of production for player i, I is the set of all players, and yi is the adjusted value we will use for modeling
below. Clearly the cumulative minimums for GP and TOI are zero. The cumulative minimum for PS and
GAR are then −17.5 and −157.5, respectively. Figure 1 has scatterplots for each of our response variables
plotted against the selection or draft pick.

3 Methods

In this section we discuss methodologies for estimation of the DPVC. Since one of our goals is to have
inferential intervals, we focus on statistical methods which produce those bounds. Below we consider three
approaches to estimation of the DPVC: a baseline LOESS regression, a monotonic Bayesian B-spline model
and a Bayesian nonparametric monotone regression. We will evaluate these methods using a K-fold cross
validation approach, for example, James et al. [5].

3.1 Modelling Approaches

LOESS Regression Model For a baseline, we use a locally estimated scatterplot smoothing regression
(LOESS) Regression Model following previous work by Schuckers [13] among others. Let xi denote draft
selection and yi denote the corresponding player outcome. LOESS estimates the regression function, f(xi),
non-parametrically by fitting a sequence of local weighted polynomial regressions across the range of the
predictor. At each target value, xi, observations with draft selections closer to xi receive larger weights,
while more distant observations receive smaller weights, producing a smooth fitted curve, f̂(xi). LOESS
methodology smooths the relationship between the target/response and predictor(s) in a window that covers
a range of values for xi, the draft pick value for player i, to get a prediction and then the window is moved to
estimate the relationship between a response yi and the draft pick for player i denoted by xi. LOESS methods
produce a smooth estimated DPVC. Implementation of this methodology was done in R using the stats
package with degree 1. We considered a range of spans for the LOESS models and chose final values based
upon cross-validation as described below. Smaller spans allow more local flexibility, whereas larger spans
produce smoother curves. We selected the span for each outcome using cross-validation described below.

Although LOESS is useful as a flexible benchmark, it does not enforce monotonicity. As a result, the
fitted curves may exhibit local non-monotonicity, especially in later portions of the draft where the signal is
weak. For this reason, we use LOESS primarily as an unconstrained comparison method for the monotone
Bayesian approaches described below.

Monotonic Bayesian B-spline model (B-spline) For this approach, we modeled each response, yi as a
smooth monotone function of draft selection. The response was then transformed to a normalized scale from
1 to 100 using min–max scaling,

y∗i = 1 + 99 · yi − ymin

ymax − ymin
,

where ymin and ymax are the minimum and maximum observed values of yi in the full dataset for each
response. This normalization was used primarily for computational stability and prior calibration rather
than because min–max scaling is intrinsically required for B-spline regression. In our Bayesian monotone
spline model, the fitted curve is represented through a sequence of nonnegative coefficient decrements, so
the overall scale of the response directly affects the scale of the spline coefficients, the step parameters, and
the residual variance. Rescaling each response to the common interval [1, 100] places these quantities on a
comparable and numerically stable scale, which improves posterior sampling and makes weakly informative
priors easier to specify across outcomes with very different raw units and ranges.

We restricted the modeling range to draft picks 1 through 224, and represented the mean draft-value
curve using a cubic B-spline basis. Specifically, if B1(x), . . . , BK(x) denote the spline basis functions, then
the conditional mean was written as µi =

∑K
j=1Bj(xi)βj , with observation model

y∗i | µi, σ ∼ N (µi, σ
2).



The spline basis was constructed with degree 3 and internal knots at draft selections 5, 15, 30, 50, 100, 150, 200.
We chose these knot locations to ensure that we had flexibility with the functional form of f(xi) both during
the early portions of the draft (picks less than 30) and later portions (picks after 100).

To enforce a monotonic non-increasing draft-value curve, we imposed a constraint through the spline
coefficients. Rather than estimating the coefficients β1, . . . , βK directly, we defined them through a positive
starting value and a sequence of nonnegative decrements. Let β0 ∼ HalfNormal(s0), and let

δj ∼ HalfNormal(τj), j = 1, . . . ,K − 1.

We then defined the cumulative decrement process by βraw
j = β0 −

∑j
ℓ=1 δℓ, j = 1, . . . ,K − 1, and set βj =

max
(
βraw
j , 0

)
. Equivalently, the coefficient vector is constructed as a nonincreasing sequence of nonnegative

values. Because each decrement δj is constrained to be nonnegative, this parameterization induces a monotone
decreasing spline coefficient structure, which in turn yields a decreasing fitted draft curve over the observed
draft range.

The prior scale for the observation variance was based on the empirical variability of the normalized
training response. Specifically, σ ∼ HalfNormal(sy), where sy is the sample standard deviation of the nor-
malized outcome in the training data. The prior scale for the initial coefficient was set using the observed
upper range of the normalized response, and the decrement parameters were regularized with different scales
across the spline basis. The first several decrements were given relatively larger prior scales to allow more
flexibility near the top of the draft, while later decrements were assigned smaller scales to encourage smoother
behavior in later draft positions. In the implementation, the first four decrement terms used scale sy/2, and
the remaining decrement terms used scale sy/20.

Posterior inference was performed in a Bayesian framework using the No-U-Turn Sampler (NUTS) of
Hoffman and Gelman [4]. For the final model fit, we used four Markov chains with 1,000 warmup iterations
and 2,000 posterior draws, together with a target acceptance probability of 0.90. Convergence was monitored
using the potential scale reduction statistic R̂, and the maximum R̂ across sampled parameters was recorded
as a summary diagnostic, cf Gelman and Rubin [3]. The value of R̂ was below 1.1 for all posterior runs.

After fitting the model, posterior samples of the spline coefficients were propagated to a grid of draft
selections to obtain posterior samples of the mean draft-value curve,

µ(x) =

K∑
j=1

Bj(x)βj .

For each draft position, we computed the posterior mean and pointwise posterior interval bounds using
the 5th and 95th posterior percentiles, producing a 90% credible interval. We chose 90% to ensure that we
captured much of the variability in our estimated curves without producing intervals that were overly wide.

Overall, this modeling strategy provides a smooth Bayesian estimate of draft value as a function of se-
lection number, while incorporating the substantive constraint that expected player value should decline
as draft position increases. The Bayesian framework further allows straightforward quantification of un-
certainty through posterior credible intervals and supports out-of-sample assessment through year-based
cross-validation.

Bayesian nonparametric monotone regression (BNMR) As a second approach, we modeled draft
value using Bayesian nonparametric monotone regression (BNMR), adapted from Wilson et al. [18]. The
original BNMR formulation is built on a Bernstein polynomial basis with a Dirichlet process prior on trans-
formed regression coefficients, and is designed to enforce a monotone increasing regression function. In our
application, expected player value should decrease as draft selection number increases, so we modified the
coefficient-constraint construction to enforce a monotone decreasing draft curve instead.

Let xi denote the scaled draft selection for player i, with xi ∈ [0, 1], and let yi denote the observed
outcome of interest, such as cumulative games played over a fixed post-draft horizon. We assume

yi = f(xi) + εi, εi ∼ N (0, σ2),



where f(·) is an unknown smooth monotone function. Following [18], we represent f using a Bernstein
polynomial expansion of order M :

f(x) =

M∑
k=0

ψk(x,M)βk = Ψ(x,M)β,

where ψk(x,M) =
(
M
k

)
xk(1−x)M−k, Ψ(x,M) = [ψ0(x,M), ψ1(x,M), . . . , ψM (x,M)], and β = (β0, β1, . . . , βM )⊤.

In the original formulation, monotone increase is obtained by requiring βk−1 ≤ βk, k = 1, . . . ,M , which
is implemented through the reparameterization θ = Aβ, where A is the lower first-difference matrix

Ainc =


1 0 0 · · · 0 0
−1 1 0 · · · 0 0
0 −1 1 · · · 0 0
...

...
...

. . .
...

...
0 0 0 · · · −1 1

 ,

so that θ0 = β0, θk = βk − βk−1, k = 1, . . . ,M. Under this construction, θk ≥ 0 for all k ≥ 1 which implies
that f is monotone increasing.

For the draft-curve setting, we reverse the monotonicity direction by negating the non-intercept rows of
the constraint matrix while leaving the intercept row unchanged. Thus, we define

Adec =


1 0 0 · · · 0 0
1 −1 0 · · · 0 0
0 1 −1 · · · 0 0
...

...
...

. . .
...

...
0 0 0 · · · 1 −1

 ,

which yields θ0 = β0, θk = βk−1 − βk, k = 1, . . . ,M . Under this modified parameterization, the constraints
θk ≥ 0, k = 1, . . . ,M , imply β0 ≥ β1 ≥ · · · ≥ βM , and, therefore, enforce a monotone decreasing regression
function over draft position. The fitted regression function can then be written as

f(x) = Ψ(x,M)A−1
decθ.

As in the original BNMR framework, we assigned a spike-and-cluster prior to the transformed coefficients
θ1, . . . , θM . Specifically, for j = 1, . . . ,M ,

Yi | θ, σ2 ∼ N
(
Ψ(xi,M)A−1

decθ, σ
2
)
, (1)

θj | P, π ∼ πδ0 + (1− π)P, and (2)
P ∼ DP(αP0), (3)

where δ0 denotes a point mass at zero and P0 is a truncated normal base measure supported on the positive
real line. This prior serves two roles. First, the point mass at zero performs variable selection by allowing some
transformed coefficients to be exactly zero. Second, the Dirichlet process prior clusters nonzero coefficients,
so multiple basis functions may share the same coefficient value. This clustering reduces effective model
complexity and allows the fitted curve to adapt toward simpler shapes when supported by the data. In the
original BNMR paper, positivity of the nonzero transformed coefficients is what guarantees monotonicity;
in our decreasing version, the same positive-support prior is retained, but monotonicity now follows through
the modified matrix Adec.

We completed the model with priors on the remaining parameters, including a Gaussian prior on the
intercept term θ0, a Beta prior on the spike probability π, and a variance prior on σ2, following the BNMR
formulation of [18]. Posterior inference proceeds through the BNMR Gibbs sampling scheme, which uses a
Polya urn representation to integrate over the Dirichlet process clustering structure and update the trans-
formed coefficients subject to positivity constraints. The resulting posterior sample provides inference on
both the regression function f(·) and its uncertainty.



For our draft application, the BNMR hyperparameters were selected by leave-one-draft-year-out cross-
validation. Let g = (ϕ0, σ0,M) be the hyperparameter combination where ϕ0 controls the base prior variance,
σ0 controls the prior scale of the intercept, and M is the Bernstein basis order. We evaluated a combination
of values for each of these hyperparameters and judged performance on the same cross validation measures
described below for comparing across methodologies.

This decreasing-BNMR formulation preserves the main advantages of the original method: smooth mono-
tone estimation, automatic coefficient selection, clustering of basis effects, and a reduced effective parameter
space. The only structural change is the sign-reversal in the non-intercept rows of the constraint matrix,
which changes the shape restriction from monotone increasing to monotone decreasing and thereby aligns
the method with the substantive expectation that draft value declines with draft position.

3.2 Evaluation Metrics

To evaluate how well are our models fit the data we considered two metrics root mean squared error and
a weighted root mean squared error. For both of these methods we used a k-fold cross validation approach
where we used each draft year to be a fold. Thus we use a leave-one-year-out cross validation (LOYO-CV).
That is, to evaluate the performance of each approach we will train each model on nine of the tens seasons
of draft performance data, then assess how well the approach predicts the held out season. Since our data
cover the 2009 to 2018 National Hockey League drafts, we have 10 folds.

Root Means Squared Error Our first evaluation metric is a root mean squared error (RMSE).

RMSEd =

√
1

nd

∑
i∈Vd

(yi − ŷi)
2
.

Here yi and ŷi are the observed response and predicted response, respectively. Vd is the set of players in the
validation/holdout set, d, and nd is the number of players in that set. For our data d = 2009, 2010, . . . , 2018.
The RMSE is a traditional way to evaluation performance of a statistical model. The resulting quantity
represents the average predictive error for a given model.

Weighted Root Mean Squared Error To emphasize the importance of early draft selections, a weighted
version of the RMSE was the other metric we considered.

wRMSEd =

√
1

nd

∑
i∈Vd

wi(yi − ŷi)2.

The weights, wi, we chose were the standard deviation of the values for yi at each pick k. As above, Vd is
the set of players in the validation/holdout set, d. In this way we systematically emphasize predicting the
draft picks with the highest variability which are generally the earliest selections.

4 Results

In this section, we discuss the results from applying the curve estimation methodologies of the previous
sections to data from the 2009 to 2018 National Hockey League drafts. Each of these methods is applied to
data on each player taken in those drafts, their draft selection number, and their cumulative performance in
the seven years after they were drafted.

We begin by looking at plots of the DPVC curves on all of the years of data. We next compare the
results for our three methodological approaches to the four responses. Figure 2 has plots for the DPVC
of the best methodology for each chosen based upon a hyperparameter study using RMSE and wRMSE
with greater emphasis on the wRMSE. To have comparable values for the plots, we scaled each predicted
DPVC to have the same sum, 1000. For the LOESS models, the best spans were 0.45 for GP, 0.10 for
both PS and TOI, and 0.15 for GAR. For BNMR, tuning was performed over the Bernstein basis order
and prior hyperparameters using the same LOYO cross-validation framework. For the monotonic Bayesian



Fig. 2. Comparison of draft value curves across responses and methods. All curves scaled to sum to 1000.

B-spline model, predictive performance was summarized using both RMSE and wRMSE across the held-out
draft classes. details about the final model. For the monotonic Bayesian B-spline model, we used a fixed
cubic B-spline specification with internal knots at selections 5, 15, 30, 50, 100, 150, and 200. Monotonicity
was enforced through a decreasing coefficient construction based on an initial coefficient and cumulative
nonnegative step parameters, with relatively larger prior scales on the first four steps and smaller prior scales
thereafter to allow greater flexibility early in the draft and stronger smoothing later. Predictive performance
was then summarized under the same LOYO cross-validation framework using both RMSE and wRMSE
across held-out draft classes.

From the graphs in Figure 2, we can see some differences across the responses. Starting with GP, we see
that curve based upon the LOESS approach differs from the B-spline and the BNMR methods. In particular,
the LOESS curve assigns less value to earlier picks than the other two methods. Next, looking at the plots for
PS, we see that the three approaches yield roughly the same curve though the B-spline curve is slightly steeper
among early draft selections. The LOESS curve for PS exhibits some bumpiness and non-monotonicity for
later draft selections. The TOI curves from our three methodologies are the most similar among the response
variables. Again the LOESS curve shows some non-smoothness beginning around the 50th selection.



Table 1. Average LOYO prediction error by response and method.

Response Method Mean RMSE Mean wRMSE
GP LOESS 95.02 933.89
GP B-spline 93.26 924.83
GP BNMR 89.91 977.06
PS LOESS 10.30 34.19
PS B-spline 9.88 32.87
PS BNMR 9.84 36.53
TOI LOESS 1680.36 72373.00
TOI B-spline 1600.00 69331.26
TOI BNMR 1591.68 76252.77
GAR LOESS 47.70 319.03
GAR B-spline 46.41 311.49
GAR BNMR 46.16 337.92

Moving to the cross-validation study, we see the results in Table 1. For each response and each curve
estimation methodology, we calculated the 10-fold cross validated average RMSE and wRMSE across the
holdout years. The methodology with the smallest RMSE and wRMSE are given in bold. We seem to see
remarkable similarity in these cross validation results. BNMR consistently does the best for RMSE and
B-spline consistently outperforms the other methods for wRMSE. LOESS is always the worst for RMSE but
had middle performance for wRMSE suggesting that it may do well modeling some of the earlier picks.

The RMSE for GP is smallest for the BNMR approach but the wRMSE has its minimum with the B-
spline approach. Similar results hold for PS, TOI and GAR. We also note that these curves exhibit similar
performances; no method outperforms another by more than 10%. Figure 3 plots the BNMR methods on
the same scale for comparison. The scaling in that figure makes the total of all draft picks the same for each
response.

Additionally, for each response, we produced 90% credible intervals using BNMR for each pick and those
bounds can be found in Tables 3, 4, 5 and 6. For those tables, we make the first overall pick worth a value
of 100. Note that these intervals are for the mean value of the response for a particular pick.

Fig. 3. Comparison of B-Spline Curves for GP, PS, TOI and GAR with identical sums of 1000

5 Discussion

Quantifying a value to draft picks is a valuable tools for decision makers contemplating possible trades of
these picks. A draft pick value chart (DPVC) assigns a currency or value to each pick in the draft and allows
for comparable value to be found when trades comprised of picks are evaluated. In the paper above, we have
proposed new methodological approaches (B-spline and BNMR) to the estimation of DPVC and evaluated



how those methods compare to a LOESS approach. Since our focus was on using player performance to
inform our DPVC Using leave one year out cross-validation, we evaluated the out of sample performance for
each of these methods by comparing their average RMSE and average wRMSE.

Fig. 4. Plots of B-Spline DPVC curves 90% Credible Intervals and Pick 1 assigned a value of 100.

In addition to the new methodologies, we specifically chose methods that would produce inferential
intervals. We believe that acknowledging the uncertainty in the estimated values of a DPVC is something
that is important and that has been overlooked in the literature on DPVCs.

The methodology that performed the best in our cross-validation study was the Monotonic Bayesian
B-spline model slightly outperforming the other methods on wRMSE and performing similarly on RMSE.
We prioritized the wRMSE because it more heavily weights the values early in the draft which are the
most valuable to teams. Thus, we suggest using the B-spline approach to DPVC construction. The choice of
response is an important one. Looking again at Figure 3 , we see that the TOI curve give the largest value
to the first pick in the draft while GAR gives the lowest. The PS B-spline curve there seems to have the
steepest slope. The three traditional metrics — GP, PS and TOI — have very similar curves, while GAR
tends to place relatively more value on picks later in the draft. All of these methods have an substantial
change in slope between about the 35th and 40th pick. This change, or ‘elbow’, reflects the data as we can
see in Figure 4.

Figure 4 has plots for each of the DPVCs for each of our responses along with 90% credible bounds
for those curves. All three of these curves are scaled so that their sums are identical to allow for direct
comparisons. The curves in that figure are based upon all ten years of player data and the credible intervals
are quite tight to the posterior mean curve and nearly indistinguishable on this figure. Another way to
evaluate these curves is to look at the value of the first pick relative to the last pick. (We used 224 for the



last pick since that is the number of picks in the 2026 NHL draft.) Returning to Tables 3 through 6, we can
see that the ratio of values for the first to last picks are approximately 35, 22, 45 and 13 for

For our model comparisons, we analyzed a subset of reasonable hyperparameters and chose specific values
based upon a leave-one-year-out cross-validation. However, other choices might be worth investigating. One
such choice was the spline knot locations for the B-spline approach. We selected 5, 15, 30, 50, 100, 150, and
200 to have more flexibility in the shape of the DPVC among earlier draft picks. The robustness of these
choices could be studied. In our cross-validation we leaned on the weighted root mean squared error as our
outcome of choice. The weights that were chosen were the standard deviations of each metric at a given pick.
One possible future iteration might be to smooth those standard deviations to produce weights. Further, it
might be worth considering a different approach to cross validation by taking data from years t−k, . . . , t−1
and predicting year t.

The credible intervals are relatively narrow since we have chosen to make these inferential intervals for the
mean value of the DPVC at each pick. Given the amount of data we have for estimation of the curve, the width
of those intervals is, perhaps, not surprising. That said, we chose 90% intervals expecting the intervals to be
wider. Choosing a wider credible level, for example, 95% or 99%, would certainly be reasonable particularly
for the comparison of multiple intervals. A alternative would be to produce posterior predictive intervals for
a single pick. These intervals would likely be substantially wider.

One assumption of our approach is that the DVPC should be modeled as a smooth curve without
discontinuities. One critique of DPVCs in hockey is that first round picks are given opportunities that other
players are not. For instance, a first round pick may be given additional minutes or games in the NHL to
help justify their selection. Consequently, there is a question about whether or not the data supports the
hypothesis of a ‘jump’ or discontinuity between the first and second rounds of the NHL draft. An extension
of the methodology here could be used to answer that question.

Returning to the 2024 trade between the San Jose Sharks and Buffalo Sabres, we can use the resulting
bounds to get a better picture of the values from this trade. The values in Table 2 that are given are the
90% confidence bounds, (L=lower bound , U=upper bound) for the value of each pick using the B-spline
approach for a particular response, either GP, PS, TOI or GAR. For the Sabres, we can add the values for
the bounds to get a total value interval. For example, looking at GP the interval for the Sharks is 57.59 to
63.42 and the interval for the Sabres is 67.43 to 76.18. Since these intervals don’t overlap, we can say that
the Sabres got more value from this trade. We would reach the same conclusions if we used the DPVCs
based upon point shares (PS), time on ice (TOI) and games above replacement (GAR). It is important to
note that these bounds form inferential intervals for the average or mean value of a given pick, averaged over
multiple seasons. As such, they provide more information than single values. However, all DPVCs should
be taken as averages (across years). Each draft year will vary from any one specific year and teams value
players differently. Thus, it is reasonable for teams to deviate from a DPVC if they believe there is a player
available to be drafted whose value differs from that provided by a DPVC.

Table 2. Evaluation of the 2024 Trade between San Jose Sharks and Buffalo Sabres

Metric Sharks Sabres
Draft Picks 11 14 + 42
GP (57.59, 63.42) (52.37, 57.29) + (16.06, 18.89) = (67.43, 76.18)
PS (51.58, 56.46) (45.37, 49.86) + (12.87,15.35) = (58.24, 65.21)
TOI (47.75, 52.42) (43.12, 47.09) + (14.91, 17.13) = (58.03, 64.22)
GAR (60.81, 66.36) (57.22, 62.16) + (23.97, 26.72) = (81.19, 88.88)

Here we have presented methods for generating a DPVC based upon player performance. It is certainly
possible to apply the methodology that we suggest, the Monotonic Bayesian B-spline, on other performance
metrics or on other valuation approaches. There are other approaches to estimation of DPVC that ensure
monotonicity and may be worth investigation. See [18] for some additional possible approaches. Finally, the
methodology here is flexible and can accomodate data from other responses, as well as other sports.
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6 Appendix

Table 3. B-spline Draft Pick Value Chart for GP

Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U)
1 100.00 (92.65, 107.91) 39 18.67 (17.25, 20.10) 77 12.66 (11.63, 13.66) 115 9.10 (8.18, 10.02) 153 6.85 (5.91, 7.81) 191 5.08 (3.84, 6.29)
2 92.23 (87.29, 97.17) 40 18.21 (16.78, 19.65) 78 12.54 (11.53, 13.54) 116 9.03 (8.11, 9.95) 154 6.80 (5.85, 7.76) 192 5.03 (3.78, 6.26)
3 86.09 (81.30, 90.79) 41 17.82 (16.39, 19.24) 79 12.43 (11.43, 13.43) 117 8.96 (8.04, 9.87) 155 6.75 (5.80, 7.71) 193 4.99 (3.73, 6.23)
4 81.18 (76.94, 85.37) 42 17.47 (16.06, 18.89) 80 12.32 (11.32, 13.31) 118 8.89 (7.98, 9.80) 156 6.70 (5.75, 7.67) 194 4.94 (3.67, 6.20)
5 77.12 (73.50, 80.61) 43 17.18 (15.78, 18.58) 81 12.21 (11.22, 13.19) 119 8.82 (7.91, 9.73) 157 6.66 (5.70, 7.62) 195 4.90 (3.62, 6.16)
6 73.54 (70.26, 76.76) 44 16.92 (15.55, 18.30) 82 12.10 (11.11, 13.08) 120 8.75 (7.85, 9.66) 158 6.61 (5.64, 7.57) 196 4.85 (3.55, 6.13)
7 70.36 (67.16, 73.58) 45 16.70 (15.35, 18.07) 83 11.99 (11.01, 12.96) 121 8.68 (7.78, 9.59) 159 6.56 (5.59, 7.53) 197 4.81 (3.49, 6.09)
8 67.51 (64.26, 70.78) 46 16.52 (15.18, 17.86) 84 11.89 (10.91, 12.86) 122 8.62 (7.72, 9.52) 160 6.51 (5.54, 7.48) 198 4.76 (3.44, 6.06)
9 64.96 (61.73, 68.18) 47 16.35 (15.04, 17.68) 85 11.78 (10.80, 12.74) 123 8.55 (7.65, 9.45) 161 6.46 (5.49, 7.43) 199 4.71 (3.37, 6.03)

10 62.64 (59.52, 65.73) 48 16.20 (14.91, 17.51) 86 11.68 (10.70, 12.64) 124 8.48 (7.59, 9.39) 162 6.41 (5.44, 7.39) 200 4.67 (3.31, 6.00)
11 60.53 (57.59, 63.40) 49 16.07 (14.79, 17.35) 87 11.57 (10.61, 12.53) 125 8.42 (7.52, 9.32) 163 6.37 (5.38, 7.34) 201 4.62 (3.25, 5.97)
12 58.56 (55.81, 61.23) 50 15.94 (14.69, 17.20) 88 11.47 (10.51, 12.43) 126 8.36 (7.46, 9.26) 164 6.32 (5.34, 7.30) 202 4.57 (3.18, 5.94)
13 56.68 (54.07, 59.21) 51 15.81 (14.57, 17.05) 89 11.37 (10.41, 12.32) 127 8.29 (7.40, 9.20) 165 6.27 (5.29, 7.26) 203 4.53 (3.11, 5.91)
14 54.86 (52.37, 57.29) 52 15.68 (14.46, 16.92) 90 11.27 (10.31, 12.21) 128 8.23 (7.34, 9.14) 166 6.22 (5.24, 7.21) 204 4.48 (3.04, 5.88)
15 53.04 (50.58, 55.45) 53 15.55 (14.34, 16.77) 91 11.17 (10.21, 12.11) 129 8.17 (7.27, 9.07) 167 6.18 (5.18, 7.17) 205 4.43 (2.96, 5.84)
16 51.18 (48.68, 53.63) 54 15.43 (14.23, 16.64) 92 11.07 (10.12, 12.01) 130 8.11 (7.22, 9.01) 168 6.13 (5.13, 7.12) 206 4.38 (2.88, 5.81)
17 49.28 (46.77, 51.79) 55 15.30 (14.11, 16.49) 93 10.97 (10.02, 11.91) 131 8.05 (7.15, 8.96) 169 6.08 (5.08, 7.08) 207 4.32 (2.81, 5.78)
18 47.36 (44.81, 49.88) 56 15.18 (13.99, 16.35) 94 10.87 (9.92, 11.81) 132 7.99 (7.09, 8.90) 170 6.04 (5.03, 7.05) 208 4.27 (2.72, 5.75)
19 45.43 (42.86, 47.98) 57 15.05 (13.87, 16.21) 95 10.78 (9.83, 11.71) 133 7.93 (7.04, 8.84) 171 5.99 (4.98, 7.01) 209 4.21 (2.64, 5.71)
20 43.49 (40.95, 46.02) 58 14.92 (13.76, 16.07) 96 10.68 (9.73, 11.61) 134 7.87 (6.98, 8.79) 172 5.95 (4.92, 6.97) 210 4.15 (2.56, 5.67)
21 41.57 (39.09, 44.04) 59 14.80 (13.65, 15.94) 97 10.59 (9.64, 11.52) 135 7.81 (6.92, 8.73) 173 5.90 (4.87, 6.93) 211 4.09 (2.48, 5.63)
22 39.66 (37.27, 42.04) 60 14.68 (13.54, 15.81) 98 10.50 (9.55, 11.43) 136 7.75 (6.87, 8.68) 174 5.85 (4.81, 6.89) 212 4.02 (2.39, 5.58)
23 37.78 (35.50, 40.04) 61 14.55 (13.42, 15.67) 99 10.40 (9.46, 11.34) 137 7.70 (6.80, 8.62) 175 5.81 (4.76, 6.85) 213 3.95 (2.29, 5.54)
24 35.94 (33.79, 38.06) 62 14.43 (13.30, 15.54) 100 10.31 (9.37, 11.26) 138 7.64 (6.75, 8.57) 176 5.76 (4.70, 6.82) 214 3.88 (2.20, 5.49)
25 34.15 (32.14, 36.13) 63 14.31 (13.19, 15.42) 101 10.23 (9.28, 11.17) 139 7.59 (6.68, 8.52) 177 5.72 (4.65, 6.78) 215 3.80 (2.09, 5.44)
26 32.43 (30.56, 34.29) 64 14.18 (13.08, 15.28) 102 10.14 (9.20, 11.08) 140 7.53 (6.62, 8.46) 178 5.67 (4.59, 6.74) 216 3.72 (1.96, 5.39)
27 30.78 (29.03, 32.52) 65 14.06 (12.96, 15.15) 103 10.05 (9.11, 10.99) 141 7.48 (6.57, 8.41) 179 5.62 (4.53, 6.70) 217 3.64 (1.84, 5.33)
28 29.21 (27.59, 30.83) 66 13.94 (12.85, 15.02) 104 9.97 (9.03, 10.90) 142 7.42 (6.51, 8.35) 180 5.58 (4.48, 6.67) 218 3.55 (1.72, 5.28)
29 27.74 (26.19, 29.27) 67 13.82 (12.74, 14.88) 105 9.88 (8.94, 10.82) 143 7.37 (6.45, 8.30) 181 5.53 (4.43, 6.63) 219 3.45 (1.57, 5.22)
30 26.38 (24.88, 27.84) 68 13.70 (12.62, 14.76) 106 9.80 (8.86, 10.74) 144 7.32 (6.40, 8.25) 182 5.49 (4.37, 6.60) 220 3.35 (1.44, 5.16)
31 25.13 (23.68, 26.55) 69 13.58 (12.51, 14.63) 107 9.72 (8.78, 10.65) 145 7.26 (6.34, 8.19) 183 5.44 (4.32, 6.56) 221 3.24 (1.28, 5.10)
32 23.99 (22.57, 25.39) 70 13.46 (12.41, 14.50) 108 9.64 (8.70, 10.57) 146 7.21 (6.28, 8.14) 184 5.40 (4.26, 6.53) 222 3.13 (1.09, 5.04)
33 22.96 (21.53, 24.35) 71 13.35 (12.29, 14.38) 109 9.56 (8.63, 10.49) 147 7.16 (6.23, 8.09) 185 5.35 (4.20, 6.49) 223 3.01 (0.88, 4.98)
34 22.03 (20.61, 23.41) 72 13.23 (12.18, 14.26) 110 9.48 (8.56, 10.41) 148 7.11 (6.17, 8.04) 186 5.31 (4.14, 6.46) 224 2.89 (0.65, 4.93)
35 21.19 (19.77, 22.58) 73 13.11 (12.06, 14.13) 111 9.40 (8.48, 10.33) 149 7.06 (6.12, 7.99) 187 5.26 (4.08, 6.43)
36 20.44 (19.02, 21.85) 74 13.00 (11.96, 14.01) 112 9.33 (8.40, 10.25) 150 7.00 (6.07, 7.94) 188 5.22 (4.02, 6.39)
37 19.78 (18.35, 21.19) 75 12.88 (11.84, 13.89) 113 9.25 (8.33, 10.17) 151 6.95 (6.01, 7.90) 189 5.17 (3.96, 6.35)
38 19.19 (17.77, 20.61) 76 12.77 (11.74, 13.77) 114 9.18 (8.25, 10.10) 152 6.90 (5.96, 7.85) 190 5.12 (3.90, 6.32)

Note: In the above table V represents the value of a given pick, L is the lower bound on that pick, and U is the upper bound on
that pick.

Table 4. B-spline Draft Pick Value Chart for PS

Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U)
1 100.00 (93.37, 106.65) 39 16.94 (15.81, 18.05) 77 12.28 (11.48, 13.07) 115 9.49 (8.75, 10.23) 153 7.71 (6.96, 8.48) 191 6.33 (5.37, 7.28)
2 85.11 (81.23, 89.07) 40 16.59 (15.46, 17.70) 78 12.19 (11.40, 12.98) 116 9.43 (8.69, 10.17) 154 7.67 (6.92, 8.44) 192 6.30 (5.33, 7.25)
3 75.46 (71.66, 79.31) 41 16.29 (15.16, 17.39) 79 12.10 (11.32, 12.89) 117 9.38 (8.64, 10.12) 155 7.63 (6.88, 8.40) 193 6.26 (5.28, 7.22)
4 69.43 (65.96, 72.93) 42 16.03 (14.91, 17.12) 80 12.01 (11.24, 12.80) 118 9.32 (8.59, 10.06) 156 7.59 (6.84, 8.36) 194 6.23 (5.23, 7.20)
5 65.42 (62.57, 68.35) 43 15.80 (14.69, 16.89) 81 11.93 (11.16, 12.71) 119 9.27 (8.53, 10.00) 157 7.55 (6.80, 8.32) 195 6.19 (5.19, 7.17)
6 62.08 (59.49, 64.69) 44 15.61 (14.50, 16.68) 82 11.84 (11.07, 12.62) 120 9.21 (8.48, 9.95) 158 7.51 (6.76, 8.29) 196 6.16 (5.14, 7.15)
7 59.11 (56.52, 61.66) 45 15.44 (14.35, 16.50) 83 11.76 (10.99, 12.53) 121 9.16 (8.43, 9.90) 159 7.48 (6.72, 8.25) 197 6.12 (5.09, 7.12)
8 56.47 (53.84, 59.07) 46 15.29 (14.22, 16.35) 84 11.68 (10.91, 12.44) 122 9.10 (8.38, 9.84) 160 7.44 (6.68, 8.22) 198 6.09 (5.04, 7.10)
9 54.11 (51.51, 56.67) 47 15.16 (14.11, 16.20) 85 11.59 (10.83, 12.36) 123 9.05 (8.33, 9.79) 161 7.40 (6.64, 8.18) 199 6.05 (4.99, 7.07)

10 52.00 (49.50, 54.45) 48 15.05 (14.00, 16.08) 86 11.51 (10.75, 12.28) 124 9.00 (8.28, 9.74) 162 7.36 (6.60, 8.15) 200 6.02 (4.95, 7.05)
11 50.09 (47.75, 52.42) 49 14.94 (13.92, 15.96) 87 11.43 (10.67, 12.20) 125 8.95 (8.23, 9.69) 163 7.33 (6.56, 8.11) 201 5.98 (4.90, 7.02)
12 48.33 (46.17, 50.50) 50 14.84 (13.83, 15.85) 88 11.35 (10.59, 12.11) 126 8.90 (8.18, 9.63) 164 7.29 (6.52, 8.08) 202 5.95 (4.85, 7.00)
13 46.69 (44.63, 48.74) 51 14.74 (13.74, 15.72) 89 11.27 (10.51, 12.03) 127 8.85 (8.13, 9.59) 165 7.25 (6.48, 8.04) 203 5.91 (4.81, 6.97)
14 45.12 (43.12, 47.09) 52 14.64 (13.66, 15.61) 90 11.19 (10.43, 11.95) 128 8.80 (8.08, 9.54) 166 7.22 (6.44, 8.01) 204 5.87 (4.75, 6.95)
15 43.58 (41.62, 45.54) 53 14.54 (13.58, 15.50) 91 11.11 (10.36, 11.87) 129 8.75 (8.03, 9.49) 167 7.18 (6.40, 7.98) 205 5.84 (4.70, 6.92)
16 42.04 (40.05, 44.02) 54 14.44 (13.49, 15.39) 92 11.03 (10.28, 11.79) 130 8.70 (7.98, 9.44) 168 7.14 (6.36, 7.95) 206 5.80 (4.64, 6.90)
17 40.48 (38.46, 42.51) 55 14.34 (13.39, 15.28) 93 10.96 (10.20, 11.72) 131 8.65 (7.93, 9.40) 169 7.11 (6.31, 7.92) 207 5.76 (4.58, 6.87)
18 38.93 (36.87, 40.98) 56 14.24 (13.30, 15.17) 94 10.88 (10.13, 11.64) 132 8.61 (7.88, 9.35) 170 7.07 (6.27, 7.89) 208 5.71 (4.52, 6.84)
19 37.38 (35.34, 39.44) 57 14.15 (13.21, 15.06) 95 10.81 (10.05, 11.56) 133 8.56 (7.84, 9.30) 171 7.03 (6.23, 7.85) 209 5.67 (4.46, 6.81)
20 35.85 (33.85, 37.89) 58 14.05 (13.12, 14.95) 96 10.73 (9.98, 11.48) 134 8.51 (7.79, 9.26) 172 7.00 (6.19, 7.82) 210 5.62 (4.39, 6.77)
21 34.34 (32.38, 36.33) 59 13.95 (13.03, 14.85) 97 10.66 (9.90, 11.41) 135 8.47 (7.74, 9.21) 173 6.96 (6.16, 7.79) 211 5.57 (4.31, 6.74)
22 32.85 (30.98, 34.78) 60 13.85 (12.94, 14.74) 98 10.59 (9.83, 11.34) 136 8.42 (7.69, 9.17) 174 6.93 (6.11, 7.76) 212 5.52 (4.24, 6.71)
23 31.40 (29.60, 33.23) 61 13.76 (12.85, 14.63) 99 10.51 (9.76, 11.26) 137 8.38 (7.65, 9.13) 175 6.89 (6.07, 7.73) 213 5.47 (4.17, 6.66)
24 29.99 (28.28, 31.70) 62 13.66 (12.77, 14.53) 100 10.44 (9.69, 11.19) 138 8.33 (7.60, 9.09) 176 6.86 (6.02, 7.70) 214 5.41 (4.08, 6.63)
25 28.63 (27.03, 30.23) 63 13.56 (12.68, 14.42) 101 10.37 (9.62, 11.12) 139 8.29 (7.55, 9.05) 177 6.82 (5.99, 7.67) 215 5.35 (3.99, 6.58)
26 27.32 (25.83, 28.80) 64 13.47 (12.59, 14.33) 102 10.31 (9.55, 11.05) 140 8.24 (7.50, 9.00) 178 6.79 (5.94, 7.63) 216 5.28 (3.90, 6.54)
27 26.07 (24.68, 27.44) 65 13.37 (12.50, 14.22) 103 10.24 (9.49, 10.99) 141 8.20 (7.46, 8.96) 179 6.75 (5.90, 7.60) 217 5.21 (3.79, 6.50)
28 24.89 (23.59, 26.18) 66 13.28 (12.42, 14.12) 104 10.17 (9.43, 10.92) 142 8.16 (7.42, 8.92) 180 6.71 (5.85, 7.57) 218 5.14 (3.68, 6.46)
29 23.78 (22.56, 25.01) 67 13.19 (12.34, 14.02) 105 10.10 (9.36, 10.85) 143 8.12 (7.37, 8.88) 181 6.68 (5.81, 7.54) 219 5.06 (3.57, 6.42)
30 22.75 (21.60, 23.92) 68 13.09 (12.25, 13.92) 106 10.04 (9.30, 10.78) 144 8.07 (7.33, 8.83) 182 6.64 (5.77, 7.52) 220 4.98 (3.44, 6.38)
31 21.81 (20.69, 22.94) 69 13.00 (12.16, 13.82) 107 9.98 (9.23, 10.72) 145 8.03 (7.29, 8.80) 183 6.61 (5.73, 7.49) 221 4.89 (3.30, 6.33)
32 20.96 (19.86, 22.07) 70 12.91 (12.07, 13.72) 108 9.91 (9.17, 10.65) 146 7.99 (7.25, 8.75) 184 6.57 (5.68, 7.47) 222 4.80 (3.14, 6.28)
33 20.18 (19.09, 21.27) 71 12.82 (11.99, 13.62) 109 9.85 (9.11, 10.59) 147 7.95 (7.20, 8.71) 185 6.54 (5.64, 7.44) 223 4.70 (2.95, 6.23)
34 19.48 (18.38, 20.57) 72 12.72 (11.90, 13.53) 110 9.79 (9.05, 10.53) 148 7.91 (7.16, 8.67) 186 6.51 (5.59, 7.41) 224 4.60 (2.77, 6.18)
35 18.85 (17.75, 19.94) 73 12.63 (11.82, 13.44) 111 9.73 (8.99, 10.47) 149 7.87 (7.12, 8.63) 187 6.47 (5.55, 7.38)
36 18.28 (17.18, 19.38) 74 12.54 (11.73, 13.34) 112 9.67 (8.93, 10.41) 150 7.83 (7.08, 8.59) 188 6.44 (5.51, 7.35)
37 17.78 (16.66, 18.88) 75 12.45 (11.65, 13.25) 113 9.61 (8.87, 10.34) 151 7.79 (7.04, 8.55) 189 6.40 (5.46, 7.33)
38 17.33 (16.21, 18.43) 76 12.36 (11.56, 13.16) 114 9.55 (8.81, 10.29) 152 7.75 (7.00, 8.51) 190 6.37 (5.41, 7.31)

Note: In the above table V represents the value of a given pick, L is the lower bound on that pick, and U is the upper bound on
that pick.



Table 5. B-spline Draft Pick Value Chart for TOI

Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U)
1 100.00 (92.60, 107.47) 39 15.07 (13.81, 16.33) 77 10.23 (9.32, 11.12) 115 7.37 (6.54, 8.22) 153 5.57 (4.73, 6.43) 191 4.10 (3.03, 5.14)
2 89.53 (85.23, 93.94) 40 14.70 (13.44, 15.96) 78 10.14 (9.24, 11.02) 116 7.31 (6.48, 8.16) 154 5.53 (4.69, 6.39) 192 4.06 (2.98, 5.11)
3 82.04 (77.71, 86.34) 41 14.38 (13.13, 15.63) 79 10.05 (9.15, 10.92) 117 7.26 (6.43, 8.10) 155 5.49 (4.65, 6.35) 193 4.02 (2.94, 5.08)
4 76.64 (72.70, 80.59) 42 14.10 (12.87, 15.35) 80 9.96 (9.07, 10.83) 118 7.20 (6.37, 8.04) 156 5.45 (4.61, 6.31) 194 3.98 (2.89, 5.05)
5 72.46 (69.09, 75.72) 43 13.87 (12.64, 15.11) 81 9.87 (8.98, 10.74) 119 7.15 (6.32, 7.98) 157 5.41 (4.56, 6.27) 195 3.94 (2.83, 5.02)
6 68.76 (65.72, 71.79) 44 13.66 (12.44, 14.89) 82 9.79 (8.89, 10.65) 120 7.09 (6.26, 7.92) 158 5.37 (4.52, 6.23) 196 3.90 (2.78, 4.99)
7 65.36 (62.37, 68.34) 45 13.49 (12.28, 14.69) 83 9.70 (8.81, 10.57) 121 7.04 (6.21, 7.86) 159 5.33 (4.48, 6.19) 197 3.86 (2.73, 4.96)
8 62.25 (59.25, 65.27) 46 13.33 (12.14, 14.52) 84 9.61 (8.73, 10.48) 122 6.98 (6.16, 7.81) 160 5.29 (4.43, 6.16) 198 3.82 (2.67, 4.93)
9 59.37 (56.40, 62.34) 47 13.20 (12.02, 14.37) 85 9.53 (8.64, 10.39) 123 6.93 (6.11, 7.76) 161 5.26 (4.39, 6.12) 199 3.78 (2.61, 4.90)

10 56.72 (53.89, 59.59) 48 13.08 (11.92, 14.23) 86 9.44 (8.56, 10.30) 124 6.88 (6.06, 7.70) 162 5.22 (4.35, 6.08) 200 3.74 (2.55, 4.87)
11 54.25 (51.58, 56.96) 49 12.98 (11.82, 14.10) 87 9.36 (8.47, 10.22) 125 6.83 (6.01, 7.65) 163 5.18 (4.32, 6.05) 201 3.70 (2.49, 4.85)
12 51.93 (49.45, 54.45) 50 12.87 (11.74, 13.98) 88 9.27 (8.40, 10.13) 126 6.78 (5.96, 7.60) 164 5.14 (4.28, 6.01) 202 3.66 (2.44, 4.82)
13 49.74 (47.40, 52.08) 51 12.77 (11.64, 13.86) 89 9.19 (8.32, 10.06) 127 6.73 (5.91, 7.55) 165 5.10 (4.23, 5.97) 203 3.62 (2.39, 4.80)
14 47.64 (45.37, 49.86) 52 12.67 (11.56, 13.75) 90 9.11 (8.24, 9.97) 128 6.68 (5.86, 7.50) 166 5.06 (4.18, 5.94) 204 3.58 (2.32, 4.77)
15 45.60 (43.34, 47.82) 53 12.57 (11.47, 13.64) 91 9.03 (8.16, 9.89) 129 6.63 (5.81, 7.45) 167 5.02 (4.14, 5.90) 205 3.53 (2.26, 4.74)
16 43.60 (41.30, 45.87) 54 12.46 (11.38, 13.53) 92 8.95 (8.08, 9.81) 130 6.58 (5.76, 7.40) 168 4.98 (4.10, 5.87) 206 3.49 (2.19, 4.71)
17 41.64 (39.29, 43.95) 55 12.36 (11.29, 13.41) 93 8.87 (8.01, 9.74) 131 6.53 (5.72, 7.35) 169 4.94 (4.05, 5.83) 207 3.44 (2.12, 4.68)
18 39.71 (37.35, 42.06) 56 12.26 (11.20, 13.30) 94 8.79 (7.93, 9.66) 132 6.48 (5.67, 7.31) 170 4.91 (4.01, 5.80) 208 3.39 (2.06, 4.65)
19 37.83 (35.47, 40.19) 57 12.16 (11.10, 13.19) 95 8.71 (7.86, 9.58) 133 6.44 (5.62, 7.26) 171 4.87 (3.96, 5.77) 209 3.34 (1.97, 4.61)
20 36.00 (33.67, 38.34) 58 12.06 (11.02, 13.08) 96 8.64 (7.78, 9.51) 134 6.39 (5.57, 7.21) 172 4.83 (3.92, 5.73) 210 3.29 (1.90, 4.58)
21 34.23 (31.93, 36.50) 59 11.96 (10.92, 12.97) 97 8.56 (7.71, 9.43) 135 6.34 (5.52, 7.17) 173 4.79 (3.88, 5.70) 211 3.23 (1.83, 4.54)
22 32.51 (30.29, 34.70) 60 11.86 (10.84, 12.86) 98 8.49 (7.63, 9.35) 136 6.30 (5.48, 7.12) 174 4.75 (3.84, 5.67) 212 3.17 (1.76, 4.50)
23 30.85 (28.73, 32.94) 61 11.76 (10.75, 12.76) 99 8.41 (7.56, 9.28) 137 6.25 (5.43, 7.08) 175 4.71 (3.80, 5.63) 213 3.11 (1.69, 4.45)
24 29.26 (27.26, 31.24) 62 11.66 (10.65, 12.65) 100 8.34 (7.49, 9.20) 138 6.21 (5.38, 7.03) 176 4.68 (3.75, 5.61) 214 3.05 (1.60, 4.41)
25 27.73 (25.87, 29.58) 63 11.56 (10.56, 12.54) 101 8.27 (7.42, 9.13) 139 6.16 (5.34, 6.99) 177 4.64 (3.71, 5.57) 215 2.98 (1.51, 4.36)
26 26.29 (24.55, 28.00) 64 11.47 (10.47, 12.43) 102 8.20 (7.35, 9.06) 140 6.12 (5.29, 6.94) 178 4.60 (3.66, 5.54) 216 2.90 (1.41, 4.32)
27 24.92 (23.31, 26.50) 65 11.37 (10.38, 12.33) 103 8.13 (7.28, 8.99) 141 6.07 (5.24, 6.90) 179 4.56 (3.62, 5.51) 217 2.83 (1.31, 4.27)
28 23.63 (22.14, 25.12) 66 11.27 (10.29, 12.22) 104 8.06 (7.21, 8.92) 142 6.03 (5.20, 6.86) 180 4.52 (3.57, 5.48) 218 2.75 (1.20, 4.22)
29 22.43 (21.05, 23.83) 67 11.17 (10.20, 12.12) 105 8.00 (7.15, 8.85) 143 5.99 (5.16, 6.82) 181 4.48 (3.53, 5.45) 219 2.66 (1.06, 4.17)
30 21.32 (20.01, 22.64) 68 11.08 (10.11, 12.01) 106 7.93 (7.08, 8.79) 144 5.95 (5.12, 6.78) 182 4.45 (3.48, 5.42) 220 2.57 (0.92, 4.12)
31 20.31 (19.03, 21.58) 69 10.98 (10.02, 11.91) 107 7.86 (7.02, 8.72) 145 5.90 (5.07, 6.75) 183 4.41 (3.43, 5.39) 221 2.47 (0.75, 4.07)
32 19.39 (18.14, 20.63) 70 10.89 (9.93, 11.81) 108 7.80 (6.95, 8.66) 146 5.86 (5.03, 6.71) 184 4.37 (3.38, 5.35) 222 2.37 (0.57, 4.01)
33 18.55 (17.31, 19.79) 71 10.79 (9.85, 11.71) 109 7.74 (6.89, 8.60) 147 5.82 (4.98, 6.67) 185 4.33 (3.33, 5.33) 223 2.26 (0.33, 3.95)
34 17.79 (16.56, 19.04) 72 10.70 (9.76, 11.61) 110 7.67 (6.83, 8.53) 148 5.78 (4.94, 6.62) 186 4.29 (3.28, 5.30) 224 2.15 (0.07, 3.90)
35 17.11 (15.87, 18.36) 73 10.60 (9.67, 11.51) 111 7.61 (6.78, 8.47) 149 5.74 (4.89, 6.59) 187 4.25 (3.23, 5.27)
36 16.51 (15.26, 17.75) 74 10.51 (9.58, 11.41) 112 7.55 (6.71, 8.41) 150 5.70 (4.85, 6.55) 188 4.21 (3.18, 5.24)
37 15.97 (14.71, 17.23) 75 10.42 (9.49, 11.31) 113 7.49 (6.66, 8.34) 151 5.65 (4.81, 6.51) 189 4.18 (3.13, 5.21)
38 15.49 (14.23, 16.75) 76 10.32 (9.40, 11.21) 114 7.43 (6.60, 8.28) 152 5.61 (4.77, 6.47) 190 4.14 (3.09, 5.18)

Note: In the above table V represents the value of a given pick, L is the lower bound on that pick, and U is the upper bound on
that pick.

Table 6. Draft Pick Value Chart for GAR

Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U) Pick V(L,U)
1 100.00 (92.22, 107.95) 39 26.59 (25.18, 27.98) 77 19.76 (18.74, 20.77) 115 15.39 (14.46, 16.32) 153 12.41 (11.46, 13.36) 191 10.08 (8.90, 11.26)
2 90.23 (85.50, 95.03) 40 26.12 (24.71, 27.51) 78 19.63 (18.61, 20.63) 116 15.29 (14.37, 16.22) 154 12.34 (11.39, 13.30) 192 10.02 (8.84, 11.21)
3 83.48 (78.79, 88.15) 41 25.71 (24.31, 27.10) 79 19.49 (18.48, 20.50) 117 15.20 (14.28, 16.12) 155 12.28 (11.33, 13.23) 193 9.96 (8.76, 11.16)
4 78.88 (74.63, 83.12) 42 25.35 (23.97, 26.72) 80 19.36 (18.36, 20.36) 118 15.11 (14.18, 16.03) 156 12.21 (11.26, 13.16) 194 9.90 (8.69, 11.13)
5 75.57 (72.08, 79.04) 43 25.04 (23.66, 26.39) 81 19.23 (18.23, 20.22) 119 15.02 (14.10, 15.94) 157 12.14 (11.20, 13.10) 195 9.85 (8.62, 11.08)
6 72.81 (69.75, 75.96) 44 24.76 (23.40, 26.11) 82 19.10 (18.11, 20.09) 120 14.93 (14.01, 15.85) 158 12.08 (11.13, 13.03) 196 9.79 (8.56, 11.04)
7 70.43 (67.48, 73.48) 45 24.53 (23.18, 25.85) 83 18.97 (17.98, 19.96) 121 14.84 (13.92, 15.76) 159 12.01 (11.06, 12.97) 197 9.73 (8.49, 11.00)
8 68.36 (65.43, 71.41) 46 24.32 (22.99, 25.62) 84 18.84 (17.85, 19.82) 122 14.75 (13.83, 15.67) 160 11.95 (11.00, 12.90) 198 9.68 (8.41, 10.95)
9 66.56 (63.66, 69.56) 47 24.13 (22.83, 25.42) 85 18.71 (17.73, 19.69) 123 14.67 (13.74, 15.58) 161 11.88 (10.93, 12.84) 199 9.62 (8.34, 10.92)

10 64.97 (62.15, 67.89) 48 23.96 (22.67, 25.24) 86 18.58 (17.61, 19.56) 124 14.58 (13.65, 15.50) 162 11.82 (10.86, 12.78) 200 9.56 (8.26, 10.87)
11 63.54 (60.81, 66.36) 49 23.80 (22.53, 25.06) 87 18.46 (17.49, 19.43) 125 14.50 (13.57, 15.41) 163 11.76 (10.80, 12.73) 201 9.50 (8.19, 10.83)
12 62.22 (59.60, 64.88) 50 23.65 (22.40, 24.90) 88 18.33 (17.36, 19.30) 126 14.41 (13.48, 15.33) 164 11.69 (10.73, 12.66) 202 9.45 (8.11, 10.79)
13 60.95 (58.43, 63.48) 51 23.50 (22.25, 24.73) 89 18.21 (17.24, 19.17) 127 14.33 (13.40, 15.24) 165 11.63 (10.66, 12.60) 203 9.39 (8.04, 10.75)
14 59.68 (57.22, 62.16) 52 23.35 (22.11, 24.57) 90 18.08 (17.12, 19.05) 128 14.25 (13.32, 15.16) 166 11.57 (10.59, 12.54) 204 9.33 (7.96, 10.71)
15 58.36 (55.92, 60.81) 53 23.20 (21.98, 24.41) 91 17.96 (17.00, 18.93) 129 14.17 (13.24, 15.08) 167 11.51 (10.53, 12.48) 205 9.27 (7.88, 10.68)
16 56.94 (54.49, 59.39) 54 23.05 (21.85, 24.25) 92 17.84 (16.88, 18.80) 130 14.09 (13.15, 14.99) 168 11.44 (10.46, 12.42) 206 9.21 (7.77, 10.63)
17 55.44 (52.93, 57.88) 55 22.90 (21.71, 24.08) 93 17.72 (16.76, 18.68) 131 14.01 (13.08, 14.92) 169 11.38 (10.40, 12.37) 207 9.15 (7.69, 10.59)
18 53.86 (51.35, 56.28) 56 22.75 (21.57, 23.93) 94 17.60 (16.64, 18.56) 132 13.93 (13.00, 14.84) 170 11.32 (10.33, 12.31) 208 9.08 (7.60, 10.55)
19 52.21 (49.72, 54.63) 57 22.61 (21.43, 23.77) 95 17.48 (16.52, 18.44) 133 13.85 (12.92, 14.76) 171 11.26 (10.27, 12.25) 209 9.02 (7.51, 10.50)
20 50.53 (48.08, 52.88) 58 22.46 (21.29, 23.63) 96 17.37 (16.41, 18.32) 134 13.77 (12.84, 14.69) 172 11.20 (10.20, 12.20) 210 8.95 (7.41, 10.45)
21 48.81 (46.43, 51.08) 59 22.31 (21.15, 23.47) 97 17.25 (16.29, 18.20) 135 13.69 (12.76, 14.61) 173 11.14 (10.13, 12.14) 211 8.88 (7.32, 10.40)
22 47.07 (44.79, 49.25) 60 22.16 (21.01, 23.31) 98 17.14 (16.18, 18.09) 136 13.62 (12.69, 14.53) 174 11.08 (10.06, 12.09) 212 8.81 (7.22, 10.35)
23 45.33 (43.15, 47.41) 61 22.02 (20.89, 23.15) 99 17.03 (16.07, 17.97) 137 13.54 (12.61, 14.46) 175 11.02 (10.00, 12.03) 213 8.73 (7.11, 10.29)
24 43.60 (41.55, 45.55) 62 21.87 (20.74, 23.00) 100 16.91 (15.96, 17.86) 138 13.47 (12.53, 14.39) 176 10.96 (9.93, 11.98) 214 8.65 (7.00, 10.24)
25 41.90 (39.99, 43.74) 63 21.73 (20.61, 22.84) 101 16.80 (15.85, 17.76) 139 13.39 (12.45, 14.32) 177 10.90 (9.87, 11.93) 215 8.57 (6.88, 10.18)
26 40.24 (38.48, 41.98) 64 21.58 (20.47, 22.69) 102 16.69 (15.74, 17.65) 140 13.32 (12.38, 14.25) 178 10.84 (9.81, 11.88) 216 8.48 (6.75, 10.12)
27 38.64 (36.97, 40.29) 65 21.44 (20.33, 22.54) 103 16.59 (15.63, 17.54) 141 13.25 (12.31, 14.17) 179 10.78 (9.74, 11.83) 217 8.39 (6.61, 10.06)
28 37.10 (35.53, 38.66) 66 21.30 (20.19, 22.39) 104 16.48 (15.52, 17.43) 142 13.17 (12.24, 14.10) 180 10.72 (9.67, 11.78) 218 8.29 (6.47, 10.01)
29 35.66 (34.16, 37.14) 67 21.15 (20.06, 22.24) 105 16.38 (15.42, 17.32) 143 13.10 (12.17, 14.04) 181 10.66 (9.60, 11.73) 219 8.19 (6.33, 9.95)
30 34.31 (32.88, 35.74) 68 21.01 (19.93, 22.09) 106 16.27 (15.32, 17.22) 144 13.03 (12.09, 13.97) 182 10.60 (9.53, 11.68) 220 8.08 (6.16, 9.91)
31 33.07 (31.68, 34.47) 69 20.87 (19.80, 21.94) 107 16.17 (15.22, 17.11) 145 12.96 (12.02, 13.90) 183 10.54 (9.46, 11.63) 221 7.97 (5.99, 9.85)
32 31.94 (30.56, 33.34) 70 20.73 (19.66, 21.78) 108 16.07 (15.12, 17.01) 146 12.89 (11.95, 13.83) 184 10.48 (9.40, 11.59) 222 7.86 (5.80, 9.79)
33 30.91 (29.55, 32.30) 71 20.59 (19.53, 21.63) 109 15.97 (15.02, 16.91) 147 12.82 (11.88, 13.76) 185 10.42 (9.33, 11.54) 223 7.74 (5.58, 9.73)
34 29.98 (28.61, 31.37) 72 20.45 (19.39, 21.49) 110 15.87 (14.93, 16.80) 148 12.75 (11.81, 13.70) 186 10.37 (9.25, 11.49) 224 7.61 (5.36, 9.67)
35 29.14 (27.77, 30.53) 73 20.31 (19.25, 21.35) 111 15.77 (14.83, 16.70) 149 12.68 (11.74, 13.63) 187 10.31 (9.19, 11.44)
36 28.39 (27.01, 29.78) 74 20.17 (19.13, 21.20) 112 15.67 (14.74, 16.61) 150 12.61 (11.67, 13.56) 188 10.25 (9.12, 11.39)
37 27.72 (26.32, 29.11) 75 20.04 (19.00, 21.06) 113 15.57 (14.65, 16.51) 151 12.54 (11.61, 13.49) 189 10.19 (9.05, 11.35)
38 27.12 (25.71, 28.51) 76 19.90 (18.87, 20.92) 114 15.48 (14.55, 16.41) 152 12.48 (11.53, 13.43) 190 10.13 (8.98, 11.31)

Note: In the above table V represents the value of a given pick, L is the lower bound on that pick, and U is the upper bound on
that pick.
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