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Bayesian Research & Applications 

Group (BRAG) at QUT: Modelling

• Combining data 

sources

• Modelling with 

uncertainty

• Using prior 

information

• Probabilistic 

prediction

• Risk stratification

• Complex systems 

models



• Algorithms

• Approximations

• Ensembles

• Big data environments

• Platforms

• HPC

BRAG at QUT: Computation



• Health, environment, 

industry

• Graphical, probabilistic 

modelling of complex 

processes

• Varied information 

sources

BRAG at QUT: Applications
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1. Our interest

AIS

• Magnitude 
based 
inference

AIS + QAS

• Workshops

• VRES projects

• Substantive 
research projects

• Joint postdoc

Training

• In-house

• External
(Como)

Funding

• ARC LP

• CoE “FutureMaths”

• CRC i-Perform

Networks

• National

• International



Bayesian Estimation of Small Effects in 

Exercise and Sports Science

Mengersen, KL, Drovandi, CC, Robert CP, Pyne DP, Gore CJ

• small-scale athlete study

• magnitude-based inference approach to compare the effect of 

two altitude training regimens (live high-train low (LHTL), 

and intermittent hypoxic exposure (IHE)) on running 

performance and blood measurements of elite triathletes. 

2. Case Study



The problem

• Key interest in sports science: estimation and evaluation of 

small effects

– e.g. difference in finishing times between world-class 

athletes, impact of exercise training and/or lifestyle 

interventions such as dietary changes or sleep behaviours 

on performance.

• Some features of sports science that make accurate and 

relevant estimation of small effects particularly challenging. 

– small sample sizes 

– frequent small true between-individual differences in 

competitive performance



Case study

• Humberstone-Gough et al. used a two-period (pre-post) 

repeated measures design to compare the effects of three 

training regimens ‘Live High Train Low’ altitude training 

(LHTL), ‘Intermittent Hypoxic Exposure’ (IHE) and ‘Placebo’ 

on running performance and blood characteristics. 

• The study comprised eight subjects (elite male triathletes) in 

each regimen, and had one dropout in the LHTL group. 



Case study

• Three variables with the most complete data: 

– hemoglobin mass (Hbmass, units of grams)

– submaximal running economy (RunEcon, units of L O2.min-1)

– maximum blood lactate concentration (La-max, units of mmol/L). 

• Plus a covariate reflecting training-induced changes:

– % change in weekly training load from pre- to during-camp 

for each individual athlete



S1 Table. Data used in the case study 

Person Group    X HbmassPre 

(g) 

HbmassPost 

(g) 

RunEconPr

e 

(L/min) 

RunEconPo

st 

(L/min) 

LamaxPre 

(mmol/L) 

LamaxPost 

(mmol/L) 

1 IHE   6.176084 1052 1036 3.705 3.715 9.4 7.9 

2 IHE  636 657 2.61 2.625 8.7 6.0 

3 IHE   32.20081 604 603 2.21 2.105 8.4 6.3 

4 IHE   7.548209 923 965 3.67 3.745 7.9 8.2 

5 IHE   40.71281 890 900 3.685 3.775 11.6 7.3 

6 IHE   51.10574 933 925 3.57 3.525 6.4 7.3 

7 IHE   33.55932 886 892 3.72 3.605 7.7 8.0 

8 IHE   28.1249 1099 1078 3.97 3.72 10.3 8.3 

9 LHTL   9.045082 938 970 3.885 3.755 10.4 10.6 

10 LHTL   0.293844 622 648 NA NA 7.3 8.0 

11 LHTL   -16.9149 630 629 2.785 2.56 NA NA 

12 LHTL   60.48738 974 1028 3.82 3.565 10.1 6.8 

13 LHTL   6.754492 889 952 3.75 3.6 12.4 9.3 

14 LHTL   25.57932 1119 1148 4.375 4.27 8.1 6.7 

15 LHTL   30.55809 912 924 NA NA NA NA 

16 .Placebo   76.73727 1063 1040 4.095 3.93 8.4 10.2 

17 .Placebo   140.9874 959 1029 3.535 3.6 10.0 9.1 

18 .Placebo   42.89953 615 613 2.27 2.205 10.9 10.8 

19 .Placebo   57.97665 829 841 3.57 3.515 14.1 14.1 

20 .Placebo   50.1382 820 869 3.49 3.375 7.0 8.2 

21 .Placebo   109.9428 824 805 NA NA 9.3 9.7 

22 .Placebo  557 563 NA NA NA NA 

23 .Placebo   78.45364 532 554 NA NA NA NA 

  



Current solutions

1. p-value derived from a hypothesis test

2. Batterham and Hopkins (2006): focus on the confidence interval as 
a measure of the uncertainty of the estimated effect, and examine 
the proportion of this interval that overlaps pre-defined magnitudes 
that are clinically or mechanistically relevant. 

Identify ‘substantially positive’, ‘trivial’ and ‘substantially 
negative’ magnitudes, as well as more finely graded magnitudes. 

Translate these proportions to a set of likelihood statements about 
the magnitude of the true effect.

Bayesian approach?



Back to the problem

Suppose that there are G treatment groups. For the gth group (g=1,..,G), let 𝑛𝑔  denote the total number 1 

of individuals in the group, 𝑦𝑖(𝑔) denote an observed effect of interest for the ith individual in the 2 

group (𝑖 = 1, … , 𝑛𝑔), 𝑦𝑔  denote the set of observations in the group, 𝑦 𝑔  and 𝑠𝑔
2 denote respectively the 3 

sample mean and sample standard deviation of all the observed responses from the group, and 𝜈𝑔 =4 

𝑛𝑔 − 1 denote the degrees of freedom 5 

Assume that an observation 𝑦𝑖(𝑔) is Normally distributed around a group mean  𝜇𝑔  , with a group-1 

specific variance 𝜎𝑔
2, i.e.: 2 

 𝑦𝑖(𝑔)~Normal(𝜇𝑔 , 𝜎𝑔
2) 3 

Use vague priors



Estimates of interest

1. the mean and standard deviation for each group (e.g., each training regimen in the study), given 1 

by   𝜇𝑔  and  𝜎𝑔
2, respectively 2 

2. the difference between the group means: 𝛿𝑘𝑙 = 𝜇𝑘 − 𝜇𝑙  and the associated standard deviation 3 

of this difference, 𝜎𝑘𝑙  4 

3. a (1 − 𝛼) % credible interval (CI) for a measure of interest, 𝜃 , say, such that there is a 5 

posterior probability (1 − 𝛼) that 𝜃  lies in this interval (e.g., 𝜃  could be the mean of group 2, 6 

i.e., 𝜃 = 𝜇2, and a 95% CI of (3.1, 4.2), for instance, indicates that the probability that 𝜇2 is 7 

between 3.1 and 4.2, given the data, is 0.95), which is a much more direct statement than is 8 

possible under a frequentist approach 9 

4. Cohen’s d [11] for the difference between two groups, given by 𝑑𝑘𝑙 = 𝛿𝑘𝑙/𝜎𝑘𝑙  when comparing 10 

groups k and l, 𝑘 ≠ 𝑙   11 

1. the mean and standard deviation for each group (e.g., each training regimen in the study), given 1 

by   𝜇𝑔  and  𝜎𝑔
2, respectively 2 

2. the difference between the group means: 𝛿𝑘𝑙 = 𝜇𝑘 − 𝜇𝑙  and the associated standard deviation 3 

of this difference, 𝜎𝑘𝑙  4 

3. a (1 − 𝛼) % credible interval (CI) for a measure of interest, 𝜃 , say, such that there is a 5 

posterior probability (1 − 𝛼) that 𝜃  lies in this interval (e.g., 𝜃  could be the mean of group 2, 6 

i.e., 𝜃 = 𝜇2, and a 95% CI of (3.1, 4.2), for instance, indicates that the probability that 𝜇2 is 7 

between 3.1 and 4.2, given the data, is 0.95), which is a much more direct statement than is 8 

possible under a frequentist approach 9 

4. Cohen’s d [11] for the difference between two groups, given by 𝑑𝑘𝑙 = 𝛿𝑘𝑙/𝜎𝑘𝑙  when comparing 10 

groups k and l, 𝑘 ≠ 𝑙   11 



Estimates of interest

1. the probability that Cohen’s d exceeds a specified threshold such as a ‘smallest worthwhile 1 

change’ (SWC,[6]), given by Pr 𝑑𝑘𝑙 > SWC  or Pr 𝑑𝑘𝑙 < −SWC , depending on whether 𝑑𝑘𝑙  2 

is positive or negative, respectively 3 

2. the predicted outcome of each individual under each training regimen, regardless of whether or 4 

not they have participated in that training, obtained from equation (1), with an estimate of the 5 

corresponding uncertainty of this prediction 6 

3. the ranks of each individual under each training regimen, with corresponding uncertainty in 7 

these orderings. 8 



Conclusions

• probability of 0.96 that LHTL yields a substantially greater 

increase in hemoglobin mass than IHE

• probability of 0.93 of a substantially greater improvement in 

running economy 

• greater than 0.96 probability that both IHE and LHTL yield a 

substantially greater improvement in maximum blood lactate 

concentration compared to a Placebo. 



Results

Table 1. Posterior estimates based on unscaled data.  1 

Hbmass 
Posterior parameter estimates (units of grams) 

Effect Mean s.d. 95% CI 90% CI 

X  0.25   0.25 -0.25, 0.74 -0.17, 0.66 

IHE -1.4   19.8 -40.5, 37.8 -33.8, 30.9 

LHTL 30.7   21.7 -12.4, 73.4 -4.9, 66.2 

LHTL-IHE 32.0   15.3 1.9, 62.2 7.04, 57.2 

Cohen’s d 

Effect Mean s.d. 95% CI 90% CI 

IHE -0.07   1.0 -2.1, 1.9 -1.7. 1.6 

LHTL 1.4   1.0 -0.57, 3.4 -0.23, 3.0 

LHTL-IHE 2.1   1.0 0.12, 4.1 0.46, 3.7 

Prob. Cohen’s d <> 0.2 

Parameter Prob. d<-0.2 Prob. d>0.2 

IHE 0.45 0.39 

LHTL 0.052 0.89 

LHTL-IHE 0.013 0.97 

 2 



Results

LHTL-IHE (solid), LHTL-Placebo (dotted), IHE-Placebo (dashed)



Results

LHTL-IHE (solid), LHTL-Placebo (dotted), IHE-Placebo (dashed)



Results

LHTL-IHE (solid), LHTL-Placebo (dotted), IHE-Placebo (dashed)







Table 3. Expected rank and associated interquartile range for the 23 individuals in 1 

the study.   2 

 3 

 4 

ID Hbmass RunEcon La-max 

 

Mean IQR Mean IQR Mean IQR 

1 3 3-19 3 3-19 19 3-19 

2 NA NA NA NA NA NA 

3 10 10-12 10 10-12 12 10-12 

4 5 5-17 5 5-17 17 5-17 

5 12 10-12 12 10-12 10 10-12 

6 15 7-15 15 7-15 7 7-15 

7 11 11-11 11 11-11 11 11-11 

8 8 8-14 8 8-14 14 8-14 

9 6 6-16 6 6-16 16 6-16 

10 2 2-20 2 2-20 20 2-20 

11 1 1-21 1 1-21 21 1-21 

12 17 5-17 17 5-17 5 5-17 

13 4 4-18 4 4-18 18 4-18 

14 7 7-15 7 7-15 15 7-15 

15 9 9-13 9 9-13 13 9-13 

16 18 4-18 18 4-18 4 4-18 

17 21 1-21 21 1-21 1 1-21 

18 13 9-13 13 9-13 9 9-13 

19 16 6-16 16 6-16 6 6-16 

20 14 8-14 14 8-14 8 8-14 

21 20 2-20 20 2-20 2 2-20 

22 NA NA NA NA NA NA 

23 19 3-19 19 3-19 3 3-19 



Conclusions

The Bayesian analysis :

• provided more direct probabilistic comparisons of treatments

• was able to identify small effects of interest

• avoided asymptotic assumptions

• overcame issues such as multiple testing

The conclusions are consistent with those obtained using a 

‘magnitude-based inference’ approach that has been promoted in the 

field. 



3. Review of Bayesian stats in sport

E. Santos-Fernandez, P. Wu, K. Mengersen

• Triathlon

• Basketball

• Baseball

• Tennis

• Football

• Swimming

• Cricket

• Ice hockey

• Ultimate Frisbee

• Paralympic sports

• Multiple sports

• Physical activities

• Free weight exercises

• Sport and psychology

• Doping













4. Training: Short course in Como

Day 1

• Bayesian modelling and computation

• Bayesian hierarchical modelling.

• Bayesian modelling in R. 

• Practical 1: ranking and benchmarking athletes. 

Day 2

• Bayesian regression and high dimensional regression.

• Practical 2: analysis of basketball data using logistic 

regression.

• Bayesian time series.

• Practical 3: modelling cyclists’ wearable data.



Day 3

• Bayesian mixture models.

• Practical 4: mixture modelling using BUGS, jags, R. 

Day 4

• Bayesian optimal design and sampling.

• Practical 5: Discussion session: acquiring data from athletes.

• Spatio-temporal models for sports images and videos.

• Practical 6: using video data to analyse basketball games

Day 5

Bayesian modelling of big data and complex systems.

Bayesian network models for sports science.

Practical 7: MYO Bayesian network.



Intro to Bayesian statistics:

Sports Example

• Using 20 minutes of data from a handball match, try to predict the final 

result with the simplest model. 

• Consider a binomial model:

- y = no. goals in 60 minute game

- p = probability of making a goal in a given minute. 

- then y ~ Binomial(p, n=60)

• Particular interest in the last game, San Miguel (SM) 

vs Argentinos (AR). 

- Result after 20 minutes was 6 to 10. 

- Predict the win (n=60)? 

https://medium.com/@JavierBurroni/sports-and-probability-bayesian-analysis-656235ea2e8c

https://medium.com/@JavierBurroni/sports-and-probability-bayesian-analysis-656235ea2e8c


Frequentist analysis

p1 = 6/20 = 0.3 (SM) 

p2 = 10/20 = 0.5 (AR).

Under H0: (p1-p2) ~ N(0,√(p1(1-p1)/n1+p2(1-p2)/n2))

z-test:

Prob(SM wins) = 0.011

https://medium.com/@JavierBurroni/sports-and-probability-bayesian-analysis-656235ea2e8c

https://medium.com/@JavierBurroni/sports-and-probability-bayesian-analysis-656235ea2e8c


Bayesian analysis – cont. 

• Problem: Given that y=k goals have been scored in the first 20 

minutes, who will win?

Pr(p1|y=k) = Beta(7,15) for SM Pr(p2|y=k) = Beta(11,11) for AR.

Pr(SM wins) > 10% !!

https://medium.com/@JavierBurroni/sports-and-probability-bayesian-analysis-656235ea2e8c

https://medium.com/@JavierBurroni/sports-and-probability-bayesian-analysis-656235ea2e8c


Sports example – cont.

Posterior predictive distribution for y* goals out of n* minutes, given the data:

Pr(y*|y) =   ∫ n*Cy* p
y*(1-p)(n*-y*) Beta(a+y,b+n-y) dp

=   n*Cy* B(y*+a+y, b+n-y+n*-y*) / B(a+y,b+n-y)

https://rpubs.com/FJRubio/BetaBinomialPred

SM AR

https://rpubs.com/FJRubio/BetaBinomialPred


Bayesian linear regression in 

baseball

• Neal et al. (2010) : used linear regression to predict second-half 

performance given first-half performance.

• Jensen et al. (2009): hierarchical Bayesian model for home run rate

• McShane et al. (2011): hierarchical Bayesian variable selection model to 

identify hitting statistics that seem most persistent for hitters over time. 

(While many of the 50 commonly cited metrics were correlated, most of 

the signal is captured by just five: strikeout rate, walk rate, groundball rate, 

isolated power, Bill James’ speed score)

Albert et al. Handbook of Statistical Methods and Analyses in Sports

pp.32-33



Case study: 

Nutrition assessment at the AIS

ID Age FemaleMaleSweepScullHeavyLightRibBMD SpineBMDHipBMD BodyFat BinResp AgeGp

1 23 1 0 1 0.724 1.298 1.044 13.2 0 0

2 20 0 1 0 0.737 1.259 1.082 13.1 0 0

3 30 0 1 0 0.692 1.331 1.094 6.6 0 1

4 25 0 0 1 0.868 1.665 1.58 10.8 0 0

5 23 1 1 1 0.783 1.384 1.046 25.7 0 0

6 25 0 0 1 0.835 1.35 1.24 11.8 0 0

7 35 0 1 0 0.817 1.34 1.396 6.8 0 1

8 28 0 0 1 0.818 1.316 1.306 10.6 0 0

9 25 0 1 1 0.867 1.418 1.307 6.9 0 0

10 24 1 0 0 0.612 1.1 0.91 18.8 0 0

ribstressfractures.csv

Can we predict frequency of rib stress fractures?



Example solution: Nutrition data

library(MCMCpack)

# frequentist glm

stress.freq = 

glm(BinResp~Age+FemaleMale+HeavyLight+RibBMD+BodyFat,

family=binomial)

# Bayesian glm

stress.bay = 

MCMClogit(BinResp~Age+FemaleMale+HeavyLight+RibBMD+Body

Fat,

burnin=10000,mcmc=100000)



Comparisons and Predictions

Bayesian modelling of football outcomes: Using the Skellam’s

distribution for the goal difference 

Dimitris Karlis and Ioannis Ntzoufras Department of Statistics, 

Athens University of Economics and Business, Athens, 

GREECE



Comparisons and Predictions

(homework!)

John Kruschke

Book: “Doing Bayesian Data Analysis”

Video: Bayesian Methods Interpret Data Better

Monday, November 12, 2012

http://doingbayesiandataanalysis.blogspot.com.au/2012/11/vid

eo-bayesian-methods-interpret-data.html

Goal: estimate the underlying probability of getting a hit by 

each player, based on their hits H, at bats AB, and primary 

position.



Example: Ranking athletes

Number of at bats and home runs for 12 players.
Thisexampleconsidersmortalityrates in 12 hospitalsperformingcardiacsurgery in babies.Thedata are

shown below.

Hospital No of ops No of deaths

__________________________________

A 47 0

B 148 18

C 119 8

D 810 46

E 211 8

F 196 13

G 148 9

H 215 31

I 207 14

J 97 8

K 256 29

L 360 24

Player             At bats            Home runs            



Ranking: Model 1

Data: the number of home runs ri out of a total number of at bats

Likelihood: ri ~ Binomial(pi, ni)

Prior: pi ~ Beta(1.0, 1.0)

(assumes that the pi’s are independent)



Ranking: Model 1 DAG

f or(i IN 1 : N)

n[i]p[i]

r[i]



Model 1: BUGS code

list(n = c(47, 148, 119, 810, 211, 196, 148, 215, 207, 97, 256, 360),

r = c(0, 18, 8, 46, 8, 13, 9, 31, 14, 8, 29, 24),

N = 12)

list(p = c(0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1))

Data file

Inits file

Model file



https://people.duke.edu/~rnau/regexbaseball.htm

Let’s play baseball:
https://www.youtube.com/watch?v=zNOkGT17KyY

Lahman Baseball Database: 
https://cran.r-project.org/web/packages/Lahman/Lahman.pdf

How well can we predict a player’s batting average (ratio 
of number of hits to number of opportunities-to-hit or “at-
bats”) based on their score in the previous year?

Your turn: Doing it yourself

https://people.duke.edu/~rnau/regexbaseball.htm
https://www.youtube.com/watch?v=zNOkGT17KyY
https://cran.r-project.org/web/packages/Lahman/Lahman.pdf


High dimensional regression

Example: ice hockey

• Rapid substitutions (median time for on-player configuration is 8s)

• Traditional metric for a player’s marginal effect: Plus-minus (PM) – no. goals 
scored against the player’s team – no. goals scored by the player’s team while 
the player was on the ice.

• Often want partial effect, after removing the change due to other influential 
variables (ability of teammates, quality of opponents, goalies, teams, coaches, 
salaries, situations, etc)

• Measure partial effects from observational data through regression.

Large no. covariates, so high dimensional.

Albert et al. Handbook of Statistical Methods and Analyses in Sports

Ch. 14



Relating Salary and Performance

Salary data obtained through combination of databases at blackhawkzone.com and 

hockeyzoneplus.com

• For each metric PM, PPM, FM, PFP, use a nonparametric Bayesian regression 

to fit expected salaray as a function of that metric. 

• Use the tgp package to obtain posterior means for Bayesian regression trees.

• The results show little relationship between salary and performance for 

negative PM, while salaries rise with positive performance. 

• Salaries are highest for players in the middle of the range of FP (since this only 

occurs for players with little ice time).

• Can also identify highest value players and “cheapest” players (with low salary 

relative to goal-based PPM).

Albert et al. Handbook of Statistical Methods and Analyses in Sports

Ch. 14



HMMs in sport

Koulis et al. (2014): proposed a Bayesian HMM for assessing 

batting in one-day cricket.

A player’s observed performance (runs scored) is based on his 

underlying form, and this changes over time accordance with a 

probability transition matrix with an unknown number of states.

Motoi et al. (2012) Bayesian event detection for sports games 

with hidden Markov model. Pattern Analysis and Applications

15, 59-72.



Examples of experimental design 

in sport

• Page (2012) Research designs in sports physical 

therapy. IJSPT

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3474303/

• Liu et al. (2017) Application of Design of Experiment 

Method for Sports Results Prediction

https://www.sciencedirect.com/science/article/pii/S18770

50917326777

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3474303/
https://www.sciencedirect.com/science/article/pii/S1877050917326777


“Big data are endemic”, 

but if we have a specific 

question, we don’t need 

to analyse all of it.

Use experimental design 

principles to select the 

data required to answer 

the question.

Experimental design in the 

context of big data

Do we need to analyse all the data?



Your turn:

• Read the following journal article and answer the questions below:

Longo et al. (2016) Age of peak performance in Olympic sports. Journal of
Human Sport & Exercise.

https://rua.ua.es/dspace/bitstream/10045/61889/1/jhse_Vol_11_N_1_31-41.pdf

1. What was the aim of the analysis?

2. Briefly describe the CART approach used in the analysis.

3. What software did the authors use to fit the CART model?

4. What were the main results obtained from the CART analysis?

5. Identify one advantage and one disadvantage of using CART for this 
problem.

https://rua.ua.es/dspace/bitstream/10045/61889/1/jhse_Vol_11_N_1_31-41.pdf


Practical Session 2

Who is the greatest cricketer of all time?

https://theconversation.com/what-the-stats-say-is-steve-
smith-the-second-best-australian-cricket-batsman-ever-
89773



• Bernards, J.R. et al. (2017) Current Research and 

Statistical Practices in Sport Science and a Need for 

Change. Sports 5, 87.

• Claire Gormley, Blog post: The science of statistics: 

its application in sports performance analytics, 09 

August 2016

• Not just performance: 

Injury/Illness, Wellbeing, Psychology

“It’s time for a rethink about

how we do sports analytics”



5. Our experience with 

online courses

• FutureLearn (QUT)

Statistical Modelling and Analysis of Big Data

Data to Decisions

Statistical Inference and Machine Learning

Mathematical Modelling

Data Visualisation

• E-Course (UN)

Earth Observation Data and Official Statistics

• E-Book (ACEMS)

VR, AR and Stats: Creating a jaguar corridor across

the Peruvian Amazon



6. Where to from here

• International engagement

• Collaborative grant support

• Exchanges

• Workshops

• A global course in Bayesian stats in sport?


