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ABSTRACT

knowing which team is the best in the league and how everyone else ranks. Currently, television or online networks
provide power rankings every week (or every month depending on the league). These power rankings are highly subjective, since they are based on each expert’s opinions associated
with the corresponding media channel. In this work we propose an alternative, objective ranking scheme that is based
on network science methods, termed SportsNetRank. In
a nutshell, SportsNetRank is based on a directed network
between the league teams that captures the win-lose relationships between them. Ranking the nodes in this network based
on the underlying connectivity patterns provides a universal,
i.e., not possible to change based on an expert’s opinion, team
power ranking.
While the rankings provided by our method are stable and
objective, the question about their “correctness” still remains.
To evaluate the rankings from our approach, we use data
from the last 7 seasons of the National Football League and
the last season (2014-15) of the National Basketball Association to predict the game outcomes using a simple baseline approach, i.e., if team X ranks higher than team Y ,
X is projected to win Y . Our results indicate that the accuracy of this approach is as good as the current state-ofthe-art prediction engines that use more complicated prediction algorithms, hence, providing strong positive evidence for
1. INTRODUCTION
the quality of our method’s ranking. Furthermore, for NFL
SportsNetRank provides a 7% improvement over a baseline
The sports market in the US is currently worth $67B and is
approach where the win percentage is used for the ranking.
projected to reach $73B by 20191 . One of the fastest growing
However, in the case of NBA the baseline performs as good as
parts of the industry is the media rights associated with the
SportsNetRank. This can potentially be attributed to the
various leagues. Media networks connect the vast majority
much larger NBA season, which allows for the win percentage
of the fans with their favorite sports and teams. They do
to converge to the “actual” ranking.
not only provide live coverage of the games but they also
While for professional sports, the power rankings are not
provide analyses that improves the understanding, experience
crucial for the league itself, in cases such as college sports it
and current affairs of the game.
can be very crucial. For instance, in college sports the power
One of the central questions that fans are interested in is
rankings are used to choose teams to play in the national
1
championship. While ranking systems are already in place,
http://www.forbes.com/sites/
darrenheitner/2015/10/19/
SportsNetRank introduces another simple, yet powerful, disports-industry-to-reach-73-5-billion-by-2019/ mension for team ratings, i.e., network dynamics. We would
#384f24511585
like to emphasize here that our work is not the first that
utilized PageRank as the basis for team ranking (e.g., [10,
2]). Nevertheless, the contribution of our work is twofold;
(a) we evaluate SportsNetRank’s performance as a function of structural properties of the win-lose relationships of
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the teams. In particular, we focus on the directed cycles
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which are known to create problems in PageRank computanot made or distributed for profit or commercial advantage and that copies
tions and are also the connections that create inconsistencies
bear this notice and the full citation on the first page. To copy otherwise, to
in the win-lose relationships [7]. (b) We propose an advanced
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ranking technique - SportsTensoRank - based on tensor
Which team is the best in the league? How does my team fare
with respect to the rest of the league? These are questions
that every sports fan is interested in knowing the answers to.
In other cases, such as in college sports, knowing the answer
to these questions is crucial for shaping the picture of specific contests. In professional sports, sports networks provide
power rankings regularly - typically every week or month depending on the season length of the league - based on their
experts opinion. In this work we propose an alternative, objective and network-based way of ranking sports teams. In
brief, our method is based on analyzing a directed network
formed between the teams of the corresponding leagues that
captures their win-lose relationships. Using data from the
National Football League and the National Basketball Association, we show that even simple network theory metrics
(e.g., Page Rank) can provide a ranking that has the same accuracy in predicting winners of upcoming match-ups as more
complicated systems (e.g., Cortana). We further explore the
impact of the network structure on the prediction accuracy
and we show that the cycles in the network are significantly
correlated with the performance. We finally propose an advanced ranking technique based on tensor decomposition.
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decomposition techniques that we have used to analyze composite networks [12]. While in the current work we do not
thoroughly evaluate SportsTensoRank, we believe that this
is a very promising directions, which we aim at exploring in
details as part of our ongoing and future work.

2.

RELATED STUDIES

Various approaches for ranking teams have appeared through
the years. The simplest one - that is actually used in professional sports as the basis for advancing to playoffs - is the
winning percentage, i.e., simply the fraction of games won by
a team. Other ranking techniques consider the strength of the
opponents and are based on the assumption that not all the
wins are equal (e.g., [14]). One of the most well-known sports
ranking methods is Elo ranking [9], which assigns teams with
an initial number of “rating credits” and based on the outcome of the games (compared to the expected one) these
credits are exchanged between the teams. While the dominant network-based approach for ranking teams are based
on PageRank, Park and Newman [13] proposed an interesting approach for cases where not every team plays against
every other team in the league. They introduce the idea of
“indirect wins”, i.e., directed paths of length k, and apply a
method that resembles Katz centrality to rank the teams. A
comparison of various ranking systems can be found in [3, 4],
while a comprehensive list of the corresponding literature is
compiled by Wilson [17].
At a tangential line of research hybrid voting-ranking systems, such as the Borda count and the Condorcet method
[15], have been utilized in the sports industry. Variations of
these methods are used for handing the Heisman Trophy as
well as the NBA’s MVP. The Associated Press is also using a similar voting/ranking scheme to obtain the college
teams ranking [1]. Finally, probabilistic models for modeling
the intransitivity in game data for predicting the outcome of
match-up have also been recently proposed [5, 6].

Figure 1: The directed NFL League Network for the
regular season 2015-2016. More “powerful” nodes are
represented with larger vertex size.
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4.

NETWORK-BASED POWER RANKING

In this section we will introduce the network structure we
use for our ranking scheme as well as our approach.
[League Network definition] The league network G =
(V, E), is a weighted directed network where an edge
ei,j ∈ E points from node i ∈ V to node j ∈ V iff team j
has won against team i. The edge weight wei,j is equal
to the point differential of the corresponding game.
The league network G captures “who-wins-against-whom”
and by what margin. With β being a vector whose i-th
element captures external (i.e., irrelevant from the network
structure) factors affecting the strength of team i (e.g., total
budget, number of pro-ball players in the roster, total offense,
total defense etc.), the PageRank of G is given by:
π = D(D − αA)−1 β

(1)

where A is the adjacency matrix of G, α is a parameter (a typical value of which is 0.85) and D is a diagonal matrix where
dii = max(1, ki,out ), with ki,out being the out-degree of node
i. While in most practical cases PageRank considers only the
network structure, Eq. (1) is able to take into consideration
- if needed - not only the network structure but external information that affect the “power” of team i through vector

β. Figure 1 depicts the network obtained using all the games
from the last NFL regular season. The edge width is proportional to the score differential in the corresponding game,
while the vertex size is proportional to the node’s PageRank
score.
The rationale behind using PageRank is that compared to
simple team standings that capture the fraction of wins for
a team, PageRank further indirectly considers the strength
of the opponent. In other words, it does not only matter to
win but also to win an important team in order to improve
in the rankings. In what follows we evaluate and delve into
the details of the performance of SportsNetRank.

RESULTS

In this section we evaluate SportsNetRank through its
ability to predict upcoming match-ups. In particular, let us
assume that we want to predict the results of week τ . Using
the games up to that week, i.e., between week 1 and week
τ − 1, we build the league network Gτ −1 . This network will
provide us with a ranking π(τ − 1). The prediction algorithm
simply goes over this ranking and predicts as the winner of
the match-up i-VS-j team i, if πi (τ − 1) > πj (τ − 1).
Table 1 depicts the accuracy results obtain on the NFL
dataset. We also present the accuracy of a similar baseline
algorithm where the ranking is based on the winning percentage of the team. As we can see SportsNetRank outperforms the baseline that uses simply the winning percentages.
The overall accuracy of SportsNetRank is 59% with a standard error of 1.2%, while that of the winning percentages
is only 52% with a standard error of 1.2%. We would like
to emphasize here that a 59% accuracy is very close to the
current state-of-the-art. In particular, during the last two
years that Microsoft’s Cortana [16] is used to predict NFL
game outcomes, the corresponding accuracy is not statistically significant different compared to the SportsNetRank.
More specifically for the season 2014-2015, Cortana exhibited
a 66.4% accuracy with a standard error of 2.9% (compared
with PageRank’s 65.8% with a standard error of 3%), while
for 2015-2016 Cortana’s performance was 62.9% with stan-

Year
2009
2010
2011
2012
2013
2014
2015

SportsNetRank
0.64
0.56
0.64
0.65
0.56
0.66
0.59

0.8

0.7

Accuracy

dard error 3% (contrast with SportsNetRank’s 59% within
3% standard error). Finally, the NFL league network is disconnected for the two first weeks of the season, and hence,
SportsNetRank can be confidently used for ranking teams
after week 3. The results presented in Table 1 correspond
to β = 1. We have performed experiments where βi is set
equal to the winning percentage of team i and the results
were indistinguishable.
Winning Percentage
0.57
0.5
0.58
0.56
0.5
0.56
0.53

Table
1:
Prediction
accuracy
with
the
SportsNetRank is better as compared to that of
the simply winning percentages for each of the last
7 NFL seasons.
For the case of the NBA league network for the season 201415, SportsNetRank provided an accuracy of 67%, while the
baseline method came close to it with a 66% accuracy. Compared to the NFL case, NBA teams play many more games,
and hence, despite a few “surprising” results, overall even the
simple winning percentage provides a fairly good power ranking. In order to further explore this we compute the accuracy
of SportsNetRank and the baseline method in 4 different
parts of the season. In particular, we divide the season into
4 parts, each of which covers approximately a 40-day period,
and we calculate the corresponding accuracy. The results are
presented in Figure 2. As we can see the performance gap is
much larger during the beginning of the season, when the winning percentage of the teams has not converge to the real one.
Later in the season the gap is reduced and the two methods
provide essentially indistinguishable performance. With respect to the absolute performance, during the last quarter of
the season the prediction accuracy is the highest, possibly due
to the fact that the ranking (either through SportsNetRank
or through the winning percentage) has converged to one that
reflects the actual power of the teams.
One of the problematic structures for PageRank are cycles
in the network. In our case this corresponds to scenarios
where team A has beaten team B, B has beaten team C and
C has beaten team A. An acyclic network would provide a
total order ranking, which in theory would have the highest
accuracy. However, this is not the case in reality and cycles
exists. Actually, given the fact that an NFL season consists of
much fewer games than an NBA season (and not every teams
plays with all the other teams), such cycles are expected to be
less common. Hence, in what follows we examine the impact
of the cycles on the performance of SportsNetRank.
In particular, we first calculate the minimum number of
edges that one needs to remove from the network in order for
it to be acyclic. This corresponds to the minimum feedback
arc set problem [8]. Consequently, we compute the correlation between the fraction of edges in the minimum arc set and
the difference in the performance between SportsNetRank
and the baseline approach. In particular, we compute the
minimum arc set for the network after every game week for
NFL and after every game day for NBA. Obtaining the cor-
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Figure 2: Even though overall SportsNetRank provides only marginal benefits over the winning percentage ranking, it is able to provide a good ranking
early in the season.
relation between the minimum arc set and the difference in
the accuracy of SportsNetRank and the baseline gives as
-0.19 (p-value = 0.015) for NBA and -0.21 (p-value
= 0.039) for NFL. The negative (and significant) correlation essentially means that SportsNetRank is expected to
outperform the winning percentage ranking as the network
includes fewer directed cycles.
Summarizing our results, we can say that SportsNetRank
is able to capture the interactions between teams better than
the simple winning percentage ranking used in determining
the teams that advance to the playoffs. In particular, in the
case of NFL SportsNetRank outperforms the baseline by
approximately 7%. In the case of NBA, the two approaches
perform similar to each other, however, SportsNetRank is
able to converge to the appropriate ranking earlier in the
season.

5.

SportsTensoRank : EXTENDING SportsNetRank
The presence of cycles in the directed league network will
always appear and cause problems, regardless of what method
is used for ranking. However, it is possible to use additional
information in order to break the “gridlock” in these situations. In particular, we propose to utilize tensor theory in
order to account for multiple attributes simultaneously. More
specifically, we have the following definition:
[League Tensor definition] The league tensor T(i, j, t),
captures the temporal evolution of the win-loss relationships between the league teams. In particular, the entry
T(i, j, t) = δ > 0 if team j won against team i during
game t by δ points differential.
One way to identify latent patterns in the data modeled by
the tensor - which can then be used to rank entities in the
dataset - is the PARAFAC decomposition [11]. In particular,
PARAFAC decomposes T to a sum of F components (see
Figure 3), such that:
T≈

F
X
f =1

af ◦ bf ◦ cf ,

(2)

Figure 3: The PARAFAC decomposition of the
league tensor can capture latent patterns in the
win-lose interactions of the teams that can facilitate
power ranking.
where af ◦ bf ◦ cf (i, j, k) = af (i)bf (j)cf (k). In other words,
each component, i.e., triplet of vectors, of the decomposition
is a rank one tensor. Each vector in the triplet corresponds
to one of the three modes of the tensor: a corresponds to the
losing teams, b corresponds to the winning teams, and c corresponds to the time (game week/day). Each of these F components can be considered as a cluster, and the corresponding
vector elements as soft clustering coefficients. We can then
process the components that correspond to the teams (i.e., a
and b) in order to obtain a final ranking of the teams.
The above decomposition is the central building block of
SportsTensoRank. We can further enhance the ranking
by utilizing non-network elements for the teams. In particular, every team is associated with a variety of performance indices (e.g., for the case of NFL these can include
offensive/defensing yards per game, turnovers per game etc.).
This information can be represented by a matrix Y , where
each row corresponds to a team and the columns correspond
to the external attributes. Matrix Y is said to be coupled
with league tensor T at the team dimension, since they share
this dimension in common. If we want to differentiate the
performance of a team during the wins and the loses, we can
create two matrices Yw and Yl that correspond to the performance metrics of the teams only during the winning and
losing games respectively. Both of these matrices are coupled
with the league tensor (Yw is coupled with the winning team
dimension while Yl is coupled with the losing team dimension). In general an n-dimensional tensor can be coupled with
at most n matrices Yi , i ∈ {1, 2, ..., n}. The coupled matrixtensor factorization is given as the solution to the following
optimization problem:

min kT −

Ai ,Di

X

a1k ◦ a2k ◦ ... ◦ ank k2F +

k

n
X

kYi − Ai Di T k2F

i=1

(3)
where aik is the kth column of Ai . The idea behind the
coupled matrix-tensor decomposition is that we decompose
T and Yi to latent factors that are coupled in the shared
dimension. This joint factorization essentially provides a low
dimensional embedding of the data in a common contextual
subspace that can enable a variety of tasks including ranking.

6.

CONCLUSIONS

In this work we examined the performance of PageRank on
ranking sports team with respect to structural characteristics
of a directed network built based on the win-lose relationships
of a league’s team. The correctness of the ranking is inferred

based on its ability to predict upcoming match-ups. We focus
in particular on directed cycles and we showcase that they can
significantly affect the performance of the ranking scheme.
To overcome these problems we propose SportsTensoRank
that is based on tensor theory and decomposition techniques.
SportsTensoRank considers both the league’s network as well
as other performance indices simultaneously in order to provide a robust ranking. In the future, we plan on thoroughly
evaluating the performance of SportsTensoRank in a variety
of sports including NFL, NBA, NHL and MLB.
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