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Abstract

This paper seeks to outline and quantify methods to objectively rate six fundamental
skills in volleyball: i) serve, ii) reception, iii) set, iv) attack, v) block, and vi) dig. While
these skills are currently rated in competitive volleyball, there is no method currently
in place that will consistently and objectively rate players and teams. With the ability
to consistently grade these fundamentals across a large amount of data, it becomes
possible to accurately predict matchups and determine player and team success.

1. Introduction

All coaches have the goal of developing their players to compete at a high level and win games.
The best coaches focus their time on developing skills that have the highest correlation to winning
in an effort to help their team improve more quickly than the competition. Currently, most of the
statistics used in volleyball are very basic and subjective. Giuseppe Vinci, CEO of VolleyMetrics
and former assistant coach of the Italian National Team, U.S. National Team, and Brigham Young
University, wanted to determine which volleyball skills were the most important by looking at
the data. It quickly became apparent that ranking skills by importance was not yet possible due
to the methods in which they were rated. Some skill ratings were much too basic and had as few
as two categories: error, and not an error. Others were too subjective and varied greatly
depending on which analyst was coding the match.

To create a skill importance metric that would be comprehensive and objective, a rating
system needed to be in place that minimized analyst bias and accurately diagnosed the skills
being performed. To accomplish this goal, two standards were set. First, the rating system must
be based purely on objective data and incorporate no human diagnosis. Second, the grading
process must be done with complete team and player anonymity to eliminate team or player bias.
This is accomplished by utilizing ambiguous IDs for all teams and players that can be translated
once the rating process is complete.

For those who are not familiar with volleyball terminology, a comprehensive list of terms
and definitions can be found in the appendices.

2. Methods

2.1 Data

The data was provided to us by VolleyMetrics in .json format. We used R to reformat the
.json data into an R data frame with thirty-two separate fields where each record represents an
individual touch in a rally. These records appear sequentially in the data set. This data is then run
through an error checking model where inconsistencies are found and corrected and machine

learning is implemented to populate sixty more fields
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of distinguishing data. These additional fields allow for increased efficiency and accuracy in
running the models discussed in this paper.

The fields vary in type and usage. There is a field containing which volleyball skill was
used, including serve, reception, set, attack, dig, and block. There are fields indicating two-
dimensional beginning and ending coordinates for each observation. Other fields include match
ID, player ID, team ID, rally ID, whether the rally ended in first ball side out or transition phases,
who won the point, game, and match, rotation information, opponent ID, and many more.

The amount of data provided by VolleyMetrics has grown significantly since the
beginning of this project. Initially, the data set consisted of only 300,000 records for the 2015
NCAA Men’s Volleyball season. The 2015 NCAA Women’s Volleyball provided over 800,000
records, while the 2016 Women'’s season has provided more than 4,500,000 records as of
November.

2.2 Fundamentals

The following table displays some differences between volleyball fundamentals.

. A Chance of Winning
Fundamental Rally-Ending Rally-Continuing Rally-Ending
Attack 51% 49% 70%
Block 49% 51% 42%
Reception/Dig 13% 87% 0%
Set 1% 99% 0%
Serve 14% 86% 37%

Table 1: Effects of Skill Groups on Rally

The processes of rating the different fundamentals in volleyball vary greatly. As seen in
Table 1, attacks and blocks end the rally about 50% of the time, however, the chance of winning
that rally are quite different depending on the skill performed. In comparison, a reception or dig
will only end the rally one time out of eight, moreover, a rally can only end with a reception or dig
if it is an error resulting in a 0% chance of winning the point if the rally ends with a reception or
dig. Furthermore, serves have roughly the same winning percentage for rally-ending touches as
blocks, but rally-ending serves don’t happen near as often. These differences require the
fundamentals to be assessed differently. Each final grade, however, will be placed on a zero-to-
ten scale to make each rating more easily interpretable.

2.2.1 Reception

The first focus of this study was to find an automatic, objective, and quantifiable way to
grade receptions. In volleyball, receptions are typically graded on a three-or-four-point scale that
is quite subjective and varies based on who is

assigning the grade. While this doesn’t present Y-Coordinate | X-Coordinate | Kill %
major obstacles for analyzing a few teams, as a single 44 54 40%
analyst can be used, using this method on a larger 44 55 42%
data set would require multiple different analysts, 45 55 41%
thus introducing potential bias into the model. It 46 55 44%
would also limit the possibility of reproducing the 46 56 43%
same results. Table 2: Exampleof Kill % Data Frame
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Because receptions will never win a rally, a method must be determined that can grade
the effect of a reception based on how it helps or hurts a team’s ability to win the rally. By
separating the court into a 101x51 grid, a kill percentage estimate can be calculated for all sets
that occur after a reception at each grid point location. An example of this can be seen in Table 2.
A new data frame is then created from this data by replicating the coordinate point a number of
times equal to the associated kill percentage as seen below:

(44,54) * 40, (44,55) *42, (45,55) * 41, (46,55) * 44, (46,56) * 43, etc.

When bivariate kernel density estimation:
Kernel Density for Women's Sets After a Reception il %

43%

B p L Wow
Qw ry L W W 0 V' —5

35%
is applied to this data frame using the kde2d R function
in the MASS package [1], a continuous density is
created. With a smooth, continuous density, it is
possible to rate each reception based on the expected
kill percentage of the location to which the ball was
passed. Visual representations of the density created
for receptions can be seen in figures 1 & 2. By dividing
all density values by the maximum value of the density,
they become a proportional representation of the best

possible reception score.

26%

17%

9%

0%
Figure 1: Desired Set Location After Reception

There are a few nuanced situations,
however. If a ball is passed back over the net to the
serving team, the pass would receive a zero score.
This is not an accurate assessment as the receiving
team still has a chance to win the rally due to errors
by the other team or future attacks. Therefore, all
overpasses were discovered to be equivalent to a
.223 reception metric.

A composite metric can then be found by Figure 2: 3D Set Location KDE
taking the average of every reception performed
by a player or team. Finally, this metric is multiplied by ten to fit onto the zero-to-ten scale. After
all teams have been graded, the metrics can be compared to the game-win percentages to see how
the two are correlated. Table and Figure 3 represent this relationship.

Reception Rating to Game Win Percentage

Estimate Std. Error t value Pr(>[t]) s 5 o o8 uEoiMencop 2o ed T o
(Ttercept) -152.3327  16.5276 -1081  0.0000  : _ X
Pass 31.4775 2.3049 13.66 0.0000 g

Table 3: Reception Regression Summary

0

Figure 3: Receptid\vlletric‘Compared to Win Percentage
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2.2.2 Dig

As described earlier in this paper, digs are closely related to receptions. Therefore, the
same process used to rate receptions was also used to rate digs. The only difference being that
receptions happen after a serve and digs happen after an attack. Dig metrics tend to be lower due

to the increased difficulty compared to receiving.
Kernel Density for Women's Sets After a Dig Kill %

38%

Estimate Std. Error t value Pr(>[t])
(Intercept) -181.4669 22.9297 -7.91 0.0000
Dig 36.4549 3.6523 9.98 0.0000

31%

Table 4: Dig Regression Summary

23%

Dig Rating to Game Win Percentage

8%

Dig Rating 0%
Figure 4: Dig Metric Compared to Win Percentage
2.2.3 Attack

Figure 5: Desired Set Location After Dig

For attacks, the first element to analyze are the rally-ending attacks. Since all rally-ending
attacks result in points, production can be calculated by analyzing the rate at which a player either
wins or loses points. A common volleyball statistic, efficiency, is implemented to analyze this
production; the formula for efficiency is as follows:

0O QQQG)Q(?&Z u{li ¢ Q&)éls ; p‘z. I‘I'é ﬁ 8 ELLLR
MnNe  QooQanoi

Efficiency represents the number of points per touch created or lost by a team or player.
However, not every attack in a volleyball rally has the same expected efficiency. If one player has
an efficiency of .325 but always attacks in difficult situations, that player should be rated higher
than another player who has the same efficiency but hits in more optimal conditions. Table 5
shows how five attack combinations and varying blocking schemes affect attacking efficiency.

Attack Combination Attacking Blocking Attacking
(Rank) Efficiency Scheme Efficiency
X1 (1) 0.284 1 Blocker Jumps 0.230
XM (2) 0.267 2 Blockers Jump 0.170
CD (2) 0.267 3 Blockers Jump 0.163
X8 (19) 0.119 Split Block 0.297
V5 (22) 0.090

Table 5: Attack Efficiency for Attack Combination and Blocking Scheme

It becomes apparent that blocking scheme and attack combination greatly affect attacking
efficiency. This becomes a concern since certain attack combinations are hit primarily by a
specific position. The three most efficient combinations are hit solely by Middles. The other two
combinations in the table are hit by either Opposites or Outside Hitters. By grading rally-ending

G2 AnALyiics i
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attacks by the efficiency statistic alone, Middles would get an obvious advantage in their attack
metric. To address this, the expected efficiency for each grouping of attack combination and
blocking scheme is calculated and represented by —Then, to obtain a standardized rally-ending
statistic, efficiency is changed to:
P .—Z2 NE 0 E QG § p —z Né& "Ge Qedoeii o

0"QQQw VReww
Mne Qo o0Qanoi

Instead of just measuring points production, this version of efficiency measures points above or
below expected points, causing all scores to be comparable.

Because most rally-continuing attacks will result in a dig, an attacker’s ability to force bad
digs on rally-continuing attacks should factor into the overall metric. To do this, the value
assessed to a dig is used to grade the rally-continuing attack that preceded it. Once the rally-
ending and rally-continuing metrics have been calculated, a weighted average based on rally-
ending and rally-continuing proportions is used to determine a player or team composite attack
metric.

Since we compare individual results to the data average, it is assumed that the metrics
will follow a Normal distribution. This assumption is confirmed in the Appendix looking at table
A-1 and figure A-1. Because the results follow a Normal Distribution, they are adjusted to a zero-
to-ten scale by multiplying the value of the metric for a player or team on the Theoretical C.D.F.

by 10.
Attack Rating to Game Win Percentage

Estimate Std. Error t value Pr(>]t|) 5.

(Intercept) -137.5507 5.3521  -25.70 0.0000 £
Attack 34.8609 1.0058 34.66 0.0000 -

40 45 50 55 6.0 6.5

Figure 6: Attack Metric Compared to Win Percentage

Table 6: Attack Regression Summary

2.2.4 Block

The Attack section shows that attacking and blocking are complementary skills as the
purpose of a block is to stop an attack. Therefore, the rating process used for Block is very similar
to the process used for Attack. The only difference is that for rally-continuing block touches the
ball can end up on both sides of the court. This means that extra logic must be added based on
which side of the court the ball ends up. Good blocks that return to the side of the attacker are
ones that make it difficult for that team to dig, much like Attack. However, if the ball stays on the
side of the blocker, the block should help that team to dig the ball more effectively. As such, the
dig metric after the block is either added to or deducted from the block metric depending on the
outcome of the block.

Block Rating to Game Win Percentage

Estimate Std. Error t value Pr(>|t|)
(Intercept) -67.1625 10.4768 -6.41 0.0000 3
Block 24.1053 2.2002 10.96 0.0000 5

Table 7: Block Regression Summary :

20 40 60 80

3.0 35 4.0 45 5.0

Figure 7: Block Metric Compared to Win Percentage
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2.2.5 Serve

The four fundamentals discussed so far (Reception, Dig, Attack, and Block) can all be
viewed as creating positive results for a team. However, in the sport of volleyball, serving does
not have the same positive results as the other fundamentals. Table 8 shows how difficult it is for
a team to win a rally when they are serving. This difference is more apparent in the men’s game
than in women'’s, however, both show serving as a disadvantage. The bottom two rows also show
that as the rally progresses further from the serve the winning percentage for both teams
approaches 50%. This presents a difficult problem when trying to rate serving due to serving
typically impacting winning in a negative way.

Like attacks and blocks, there

Situation | NCAA Women’s | NCAAMen’s | are both rally-ending and rally-
Win When Serving 42.5% 35.4% continuing serves that can occur and
) both can either be positive or negative.

Lose When Serving 57.5% 64.6% .
However, for rally-ending serves an
Win Soon After Serving 28.1% 26.2% efficiency calculation like those used
Lose Soon After Serving 41.3% 53.2% for Attack and Block cannot be used
Win Long After Serving 14.5% 9.2% .because it correlates to losing. It is also
important to state that there are two
Lose Long After Serving 16.1% 11.4% different  strategies for serving:

Table 8: Serving Results aggressive and passive.

Aggressive serving teams attempt to hit the ball harder and faster than passive teams who
focus more on placement and movement of the ball. Aggressive teams tend to hit more aces than
passive teams, but they also hit more errors. Thus, aggressive teams will have drastically different
efficiency metrics than passive serving teams. Because of these two different strategies a separate
metric must be used as part of the serve metric calculation: the ace-to-error ratio. This eliminates
the bias that would exist when grading either of the two serving strategies, thus placing all teams
and players on the same plane and providing a metric that is correlated to winning. Table 9 shows
this in more detail. While these two players have drastically different efficiency scores they have
the same ace-to-error ratio.

Player X - Aggressive | Player Y - Passive An adjustment must also

Aces 10 1 be made to the rally-continuing
Errors 40 4 serves because the receiving team is
Total Serves 100 100 expected to be in a better position
Efficiency -3 -.03 than the serving team, which is the
Ratio 25 25 opposite from all the other
Table 9: ServingggressiorExample fundamentals discussed thus far.

Another problem exists from the fact that only two or three players receive the serve during a
specific rotation. That means that one player on a team may consistently face significantly worse
passers than another server due to the of the rotation in which he/she serves. Therefore, simply
utilizing the reception metric of the following touch could result in potential bias depending on
the proficiency of the passer. Because of this, a rally-continuing metric was created that compares
the average reception metric of the passer that received a specific serve to the reception metric
of that serve. Thus, the rally-continuing metric becomes a measure of how the serve affects a

passer’s ability to perform an average reception.
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Like Attack and Block, a weighted average is used to combine the two metrics into one
Serve metric that can be used to compare players and teams, thus causing it to follow a Normal
distribution. Therefore, the serve metric is adjusted to a zero-to-ten scale by multiplying the value
of the metric for a player or team on the Theoretical C.D.F. by 10.

Serve Rating to Game Win Percentage

Estimate Std. Error t value Pr(>|t])
(Intercept) 35.9147 2.4175 14.86 0.0000
Serve 2.3723 0.4774 4.97 0.0000 z

Table 10: Serve Regression Summary ¢

0 20 40 60 80

Figure 8: Serve Metric Compared to Win Percent:

2.2.6 Set

Setting has always been a difficult skill to grade due to its close correlation to attacking
and dependence on receptions and digs. It is nearly impossible to disassociate a great set from
great attack by looking only at the outcome of the attack or rally. Because of this, setting, like
receptions and digs, was graded based on the expected result. A density was created for each of
twenty-seven attack combinations to determine the most efficient location in relation to kill
percentage. These densities were then used to rate each set by locational effectiveness based on
attack combination.

While this metric accurately assesses a setter’s accuracy, it does not account for a setter’s
decision making. As previously stated, expected efficiency changes as different blocking schemes
are implemented. As such, a setter’s ability to optimize efficiency must be considered. To address
this, an expected efficiency is created by taking a weighted average of efficiency by the
distribution of blocking schemes that results from a setter’s sets as shown in table 11.

. Setter 1 Setter 2 These two metrics

Blocking Scheme Attacks | Efficiency | Attacks | Efficiency | are combined to create an

No Blockers 5 0.239 0 0.239 overall setting metric. As

One Blocker | 35 0.230 30 0.230 | the setter metrics follow a

Normal distribution, the

Two Blockers 40 0.170 40 0.170 setting metric is adjusted

Three Blockers 25 0.163 40 0.163 to a zero-to-ten scale by

split Block | 15 0.297 10 0.297 | multiplyingthe value of the

P —— metriC for a player or team

Exp. Setter Efficiency | 120 0.205 120 0.193 on the Theoretical C.D.F. by
Table 11: Expecté#fficiency by Blocking Scheme 10.

Set Rating to Game Win Percentage

Estimate Std. Error t value Pr(>[t]) P s
(Intercept) -6.3958 3.5268 -1.81 0.0706 g
Set 9.8450 0.6356 15.49 0.0000

ng %

Table 12: Set Regression Summary

Figure 9: Set Metric Compared to Win Percentac
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3. Results

Once team and players have been rated for each fundamental, an overall metric can be
calculated. Obviously, each fundamental affects a team’s ability to win differently. Therefore,
simply taking an average of all scores won’t necessarily provide the most accurate overall
measure of a team or player. Weights can be determined by coaches based on the systems they
run and the players they want or by comparing the metrics to the desired result such as match,
set or point win percentage. While VolleyMetrics holds the rights to the method of calculating the
overall metric used in this paper, they have allowed us to share the results. Table 13 shows the
six highest rated teams in Division | women'’s volleyball.

Ranking Team Serve Pass Set Attack Block Dig Overall
1 Nebraska 639 796 821 6.36 5.26 6.48 6.78
2 Missouri 437 8.05 7.38 6.00 5.33 6.44 6.64
3 Florida 589 7.87 555 6.66 471 6.58 6.58
4 Hawaii 416 758 6.63 6.25 5.36 6.64 6.57
5 Coastal Carolina 547 791 692 6.31 4.44 6.59 6.57
6 Penn State 509 7.77 722 6.39 5.14 6.24 6.56

Table B: Top 6 2016 NCAA Women's Teams as-df712016

A few of the highest rated teams appear curious. Could Coastal Carolina truly be fifth best
team in Division I Volleyball? By averaging the overall rating of all opponents that a team has
played, a strength of schedule modifier can be constructed to address this concern. Table 14
shows how the teams with the highest overall ratings placed in strength of schedule.

Team Overall  Overall SOS Strength of Adjusted  Adjusted
Ranking Rating | Ranking Schedule Rating | Ranking Rating

Nebraska 1 6.78 6 6.28 1 6.52
Missouri 2 6.64 47 6.2 2 6.41
Minnesota 23 6.45 1 6.36 3 6.40
Hawaii 4 6.57 36 6.21 4 6.39
Penn State 6 6.56 65 6.19 5 6.37
Florida 3 6.58 113 6.14 8 6.36
Coastal Carolina 5 6.57 140 6.11 15 6.33

Table ¥: Top 6 Women's NCAA Teams and Minnesota Strength of Schadwajustedratings

Many of the top teams did not play an overly aggressive schedule. This can lead to score
inflation due to lesser competition. By taking an average of the Overall Rating and Strength of
Schedule Rating, this is addressed somewhat. With the adjusted overall rating in place, there are
seven advanced, objective, and quantitative metrics that can be used to rate all teams and players.

4. Conclusion

The metrics discussed in this paper appear to be valid indicators of success and are fluid
and can adapt as volleyball does and provide an avenue to objectively explore comparisons
between teams and players and present an opportunity for other areas of study. The initial
question, which skills are most important, can now be addressed in an effective manner. Overall
ratings for players could be weighted by the most important skills for their position. Preliminary
models have been built to predict the outcome of future matches with nearly 80% accuracy. While
these models provide a win percentage for each team in a match up, they can also be broken down
to help coaches and players see why they are
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predicted to win or lose. This can be helpful during a season as a coach can make lineup or practice
adjustments. However, it is most useful during the off-season and in recruiting. A coach can
approach decision making with specific reasons why they lost matches and thus prioritize their
players’ off-season work. The coaches will also know which players to recruit to field the best
possible team the following year.

Recruiting potential is enormous now that this adaptive analysis can be run on high school
and club volleyball data. Not only will college coaches know what skills they need, but they will
also know exactly which players possess those skills. This can also open doors for young, aspiring
volleyball players that can’t afford to play on an elite club team or attend large recruiting camps
but are good fits for college teams. Not only will this analysis improve the quality of volleyball
being played across the world, but it can also grow the game incredibly.
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6. Appendix

6.1 Volleyball Terminology

Point

A point is scored in volleyball whenever the ball hits the ground or an
illegal action is performed. A team wins a point if the ball lands inside
the court of the opposing team or outside of the court after touching the
opponent.

Rally

A rally begins with a serve and ends with a point being given to one of
the teams. Each team has six players on the court and can only touch the
ball three times in succession and no player can have consecutive
touches.

Serve

This fundamental begins a rally, as such it is the only fundamental that
is guaranteed to appear in a rally. A serve must go over the net and stay
in bounds. A serve that results in an immediate point for the serving
team is referred to as an ace.

Reception

This fundamental occurs directly after the serve as the team opposite of
the serve receives the serve and begins a possession. A reception is
designed to initiate a set and attack.

Set

This fundamental is performed typically by a designated Setter and is
meant to place the ball is a good position so a good attack can be
performed.

Attack
(Spike)

This fundamental is when the player swings at the ball with the
intention of hitting the ball over the net and trying to score a point. An
attack that results in an immediate point for the attacking team is
referred to as a kill.

Block

This fundamental is when players jump up and try to block the opposing
team’s attack, a maximum of 3 players can jump at one time. A block
that results in an immediate point for the blocking team is referred to as
a stuff.

Dig

This fundamental is like reception except that a dig occurs when you
receive an attack and hit it back into the air with the intention of a set
succeeding it.

Game (Set)

A game, sometimes referred to as a “set,” consists of two teams trying to
score 25 points and win by at least 2 points. Whenever a team wins a
point, they become the serving team for the next rally.

Match

A match is a best of five series between two teams. The first team to win
3 games is the winner.
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Whenever the serving team changes, the new serving team must rotate

Rotation starting positions clockwise around the court. Based on the designated
starting position of each player, certain restrictions are placed on them.
Attack An attack combination is a qualitative assessment of the set and attack
. . of a team. This accounts for location, speed, and movement of the
Combinations attacking player.
Middle As the name of the position might indicate, Middle Blockers are typically
Blocker in the middle of the court and are the primary blockers. Because of the
. emphasis on blocking, Middle Blockers are typically among the tallest
(Mlddle) players on the court. There are 2 Middles in the starting lineup.
Outside Outside Hitters usually attack from the left side of the court when looking
Hitter from behind the attack. Outside Hitters are typically the primary
) attackers and are heavily involved in reception. There are 2 Outside
(Outside) Hitters in the starting lineup.
Opposites usually attack from the right side of the court when looking
Opposite from behind the attack. The main purpose for Opposites is to provide a
secondary attacking option. There is one Opposite in the starting lineup.
Setter The Setter is responsible for setting up the attack. They are the primary
target for all digs and receptions. There is 1 setter in the starting lineup.
A defensive specialist, the Libero is not allowed to attack or block,
Libero therefore, they focus on reception and dig. They are not included in the

starting lineup and have special substitution rules.
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6.2 Normality Assumptions
The following three figures display the distribution of coefficients calculated from the

rating system. They are displayed in a histogram and the red curve drawn onto the plot
represents the theoretical Normal distribution that is then used to develop the zero-to-ten scale.

Player Attacking Coefficients

Density

s
T T T
02 04 0.6

0.0

Figure Al: Attack Coefficients

Player Blocking Coefficients
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Figure A2: Block Coefficients
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Player Serving Coefficients
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Figure A3: Serve Coefficients

The following table adds evidence to our Normality assumption by showing the value of the
empirical distribution function of each of our sample distributions in comparison to the values of
the theoretical Normal cumulative distribution function.

Mean - 2 SD Mean - 1 SD Mean | Mean+ 1SD Mean + 2 SD
Theoretical C.D.F .023 .158 .5 .842 977
Attack E.D.F .039 127 457 .889 .98
Block E.D.F .034 .135 472 .872 .982
Serve E.D.F .019 .138 .518 .873 973

TableA-1: Normality Check for Fundamental Coefficien
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6.3 2016 Women’s NCAA Tournament Predictions

Chance of Winning the

Team Championship

Nebraska 38.38

Florida 9.25

Missouri 7.59

Hawaii 7.49

Texas Austin 7.13
Pennsylvania State 5.14
Wisconsin 4.14
Stanford 3.42

North Carolina 2.29
Creighton 2.22

Coastal Carolina 1.54
Kansas 1.44

Minnesota 1.21
Washington 1.1
Oregon 1.01

Boise State 0.95
Brigham Young 0.91
Lipscomb 0.72
California, Los Angeles 0.71
Texas A&M 0.65
Michigan 0.41
Kentucky 0.35
Northern lowa 0.32

Michigan State 0.26

Ohio State 0.26

Florida State 0.18

San Diego 0.16

Colorado State 0.14
Princeton 0.1
Pittsburgh 0.08
Arizona 0.08
Marquette 0.08

Utah 0.04

Western Kentucky 0.04
Iowa State 0.03
Wichita State 0.02
Miami (Ohio) 0.02
Nevada, Las Vegas 0.02
Denver 0.02
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