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a b s t r a c t 

Despite recent promising developments with large datasets and machine learning, the idea that automa- 

tion alone can discover all key relationships between factors of interest remains a challenging task. In- 

deed, in many real-world domains, experts can often understand and identify key relationships that data 

alone may fail to discover, no matter how large the dataset. Hence, while pure machine learning pro- 

vides obvious benefits, these benefits may come at a cost of accuracy. Here we focus on what we call 

smart-data; a method which supports data engineering and knowledge engineering approaches that put 

greater emphasis on applying causal knowledge and real-world ‘facts’ to the process of model develop- 

ment, driven by what data are really required for prediction, rather than by what data are available. We 

demonstrate how we exploited knowledge to develop a model that generates accurate predictions of the 

evolving performance of football teams based on limited data. The model enables us to predict, before 

a season starts, the total league points a team is expected to accumulate throughout the season. The 

results compare favourably against a number of other relevant and different types of models, and are 

on par with some other models which use far more data. The model results also provide a novel and 

comprehensive attribution study of the factors most influencing change in team performance, and partly 

address the cause of the widely accepted favourite-longshot bias observed in bookies odds. 

© 2017 Elsevier B.V. All rights reserved. 

1. Introduction 

In many application domains, such as consumer shopping be- 

haviour, applying state-of-the-art machine learning methods to 

very large datasets (often referred to as ‘big data’) can reveal new 

insights that would otherwise remain unknown. However, rely- 

ing purely on large datasets for automated knowledge discovery 

and prediction can be inappropriate in many real-world domains. 

For example, the 20 07–20 09 financial crisis revealed that big-data 

models used by investment banks and rating agencies failed to 

predict real-world financial risk. Wieland and Wolters [48] demon- 

strate how each of the 50 + professional economic models failed 

to foresee the downturn. This is because such big-data models do 

not incorporate new and, hence, previously unseen factors—in this 

case the sudden burst of the USA housing ‘bubble’ due to high de- 

fault rates in the subprime mortgage sector after many high risk 

loans were sold on as low risk securities [23] . Similarly, it would 

be doubtful whether such models could accurately predict the eco- 

nomic consequences of a country leaving the EU. 
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This paper focuses on a prediction problem that has similarities 

to financial risk, namely predicting evolving football team perfor- 

mance. In both domains future performance can be suddenly and 

dramatically affected by rarely seen events and so both require 

smarter ways to perform data engineering and modelling, rather 

than rely on ever larger amounts of data. 

Football is the world’s most popular sport and constitutes an 

important share of the gambling market. This has motivated nu- 

merous researchers to use football events as a real-world applica- 

tion domain to assess various statistical, probabilistic and machine 

learning techniques. The most common problem addressed is that 

of predicting the outcome of specific football matches. This started 

with the popular work of Maher [30] on a bivariate Poisson model 

to predict match results based on the attack and defence capabili- 

ties from goals scored and conceded, and which was later adopted 

by Dixon and Coles [11] for the purpose of generating profit against 

published market odds. Since then, numerous Poisson-based mod- 

els have been published. Rue and Salvesen [41] proposed a time- 

series Poisson distribution model and demonstrated profitability 

against Intertops odds; this model was later revised by Crowder 

et al. [10] to a computationally less demanding model. Karlis and 

Ntzoufras [25] also assessed double Poisson and bivariate Poisson 
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models and concluded that the bivariate Poisson model correlates 

well between scores of competing teams. 

Football predictions also became popular with computer scien- 

tists, primarily for the purpose of testing machine learning tech- 

niques. These include: Tsakonas et al. (2002) who found genetic 

programming to be superior to fuzzy models and neural networks 

in predicting football; Rotshtein et al. [40] who concluded that 

the combination of genetic and neural optimisation techniques 

can lead to ‘acceptable’ football match predictions; Joseph et al. 

[24] who showed that incorporating expert judgments with data 

into a Bayesian network (BN) model led to more accurate predic- 

tions compared to a number of other data-driven machine learn- 

ing techniques; Min et al. [32] who combined BNs with rule- 

based reasoners to predict World Cup matches; Baio & Blangiardo 

[2] who tested a Bayesian hierarchical model and found it to be 

on par with the Karlis and Ntzoufras [25] Poisson-based model; 

and Constantinou et al. [4,5] who developed a BN model, based 

on both data and knowledge, to predict English Premier League 

(EPL) matches before they start (predictions were published online 

at www.pi-football.com ), and demonstrated profitability against all 

of the available market odds. Such BN models now also extend to 

assessing referee bias in football [8] . 

Rating systems are also popular within the football predictions 

literature. For example, Knorr-Held [27] proposed a rating system 

for football teams based on the cumulative link model for ordered 

responses, where latent parameters represent the strength of each 

team. The ELO rating system, which was initially developed to as- 

sess the strength of chess players [13] , was assessed by Hvattum 

and Arntzen [22] and showed that even though the ratings ap- 

peared to be useful in encoding the information of past results for 

measuring the strength of a team, the predictions were still con- 

siderably less accurate compared to market odds. The ELO rating 

and the ELO-based FIFA/Coca-Cola World Ranking [14] were also 

assessed by Leitner et al. [29] who used them to predict tourna- 

ment winners, and concluded that the accuracy of both ratings was 

inferior to bookmakers’ odds. Constantinou and Fenton [6] pro- 

posed the pi-rating system, which determines the level of abil- 

ity of football teams based on the relative discrepancies in scores 

between adversaries, and showed that it outperformed ELO-based 

rating systems and was also able to generate some profit against 

published market odds over a series of five EPL seasons. Such rat- 

ing systems are now also extended to determining player skill [31] . 

The popularity of football models is in many cases driven by 

the prospect of identifying market inefficiencies in terms of the 

published odds available for betting. Sauer [42] suggested that a 

betting market can be considered efficient only if profitable op- 

portunities cannot be exploited. While some studies suggest that 

the football market may be efficient, due to either not discover- 

ing profitable betting strategies or due to market odds outperform- 

ing the predictions generated by various proposed statistical mod- 

els [18,21,35–37,39,46] , numerous other authors have concluded 

that the market is inefficient. For example, many of the Poisson- 

based studies have claimed market inefficiency due to generating 

positive returns against published odds under specific conditions 

[11,12,28,41] . Other studies have reported inefficiencies at the start 

and at the end of a football season [20] , and that the odds of- 

fered on popular teams are inefficient due to being offered more 

favourable terms on their wagers [19] . Studies which demonstrate 

consistent profitability throughout a football season also question 

the efficiency of the market [4,5] . However, the strongest evidence 

of inefficiency probably comes from studies that do not employ 

predictive models, but rather assess bookmaking odds for biases, 

and claim inefficiency in the presence of the favourite-longshot 

bias [3,16,17] ; this is where bets on favourites tend to have higher 

expected returns than bets on longshots. This type of bias seems 

to extend to home-team bias and most-likely outcome bias [7] . 

Most of the previous extensive work on results predictions has 

primarily used historical data of relevant match results. In this pa- 

per we do not consider individual match results, but rather exploit 

external factors which may influence the strength of a team and 

resulting performance. We are interested in predicting a football 

team’s performance for a whole season (measured by total num- 

ber of points won) before the season starts. This is an important 

and enormous gambling market in itself - bettors start placing bets 

such as which team will win the title, finish in the top four, or 

be relegated, as soon as the previous season ends. The need for 

greater accuracy in such predictions has become the subject of in- 

ternational interest following the 2015–2016 EPL season when Le- 

icester City finished top of the league, having been priced at 50 0 0 

to 1 by many bookmakers before the start of the season. 

While a team’s most recent previous seasons’ performances are 

clearly important, changes may occur over the summer break (such 

as the purchase of new players or other staff) that may have a 

major influence on the team’s future performance. Since no com- 

petitive matches occur over the summer break, it is impossible to 

judge changes in team strength until the new season begins and 

match results are observed. Moreover, a team’s most recent season 

performance may not accurately reflect their true strength if, for 

example, the team had been adversely affected by major injuries 

from which players have now recovered. 

While the model presented in this paper is important in terms 

of the application domain for the reasons highlighted above, the 

process by which the data are engineered and the model is devel- 

oped is equally important in highlighting the benefits of a smart- 

data approach. The paper is organized as follows: Section 2 dis- 

cusses the problem associated with data availability, Sections 3 and 

4 cover the data engineering and model development processes re- 

spectively, Section 5 covers model validation, Section 6 discusses 

and presents further results of interest, and Section 7 provides our 

conclusions. 

2. The problem 

It is a common practice to generate models based on what data 

are available. For the problem of predicting football team perfor- 

mance as measured by league points accumulated from season to 

season, there are a multitude of potential available data. However, 

with the exception of previous seasons’ league points, there is little 

obviously relevant data that are readily available. The temptation in 

such circumstances is to find any ‘easily available’ data and throw 

regression or machine learning methods at it. Such data might in- 

clude things like: average home attendances, financial turnover, 

number of international players, size of squad etc. In contrast, our 

starting point was to use knowledge to identify what data are re- 

ally required to assess the evolution of team strength between sea- 

sons. Focusing on the EPL, we have identified the following factors, 

with the stated assumptions: 

1. League points (LP): as discussed above. 

2. Transfer spending (T) : Player transfers (in and out) can influ- 

ence team strength. 

3. Injuries (I) : Excessive injuries to key players leads to degraded 

team performance while fewer than expected injuries leads to 

improved performance. 

4. Managerial changes (M) : Different managers may employ dif- 

ferent tactics, and may also influence team spirit and morale, 

amongst others. 

5. European (EU) competition involvement : Those few teams in- 

volved in the additional European competitions (Champions 

League and Europa League) face greater demands than those 

that are not. Their performance in the league may be degraded 

because of shift in focus away from the league and increased 
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