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Why is this important?



The perception of machine learning



The machine learning pipeline

https://www.datanami.com/2018/09/05/how-to-build-a-better-machine-learning-pipeline/

https://www.datanami.com/2018/09/05/how-to-build-a-better-machine-learning-pipeline/


Pipeline Effort

https://www.datanami.com/2018/09/05/how-to-build-a-better-machine-learning-pipeline/

https://www.datanami.com/2018/09/05/how-to-build-a-better-machine-learning-pipeline/


Machine Learning made easy



Why you need to understand your data



Why you should really understand your data!

https://www.washingtonpost.com/news/morning-mix/wp/2016/06/10/google-faulted-for-racial-bias-in-image-search-results-for-black-
teenagers/?noredirect=on&utm_term=.28b3b1204a19

https://www.washingtonpost.com/news/morning-mix/wp/2016/06/10/google-faulted-for-racial-bias-in-image-search-results-for-black-teenagers/?noredirect=on&utm_term=.28b3b1204a19


GDPR: Right to an explanation



GDPR: Right to an explanation



GDPR: Explain this



Introducing Tidy Data



hadley.nz



Principles of Tidy Data

https://r4ds.had.co.nz/tidy-data.html

https://r4ds.had.co.nz/tidy-data.html


Exploratory Analysis



Powerlifting Data
https://www.kaggle.com/open-powerlifting/powerlifting-database

https://www.kaggle.com/open-powerlifting/powerlifting-database


What have we got?



Plotting
powersample <- powerdata[sample(nrow(powerdata), 10000), ]
pairs(powersample[,c("BodyweightKg","TotalKg","BestSquatKg","BestBenchKg","BestDeadliftKg")])



Negative reps ggplot(powerdata, aes(x=BodyweightKg, y = BestSquatKg)) + geom_point()



Explaining the negatives



Tidying Data



Multiple variables stored in one column

https://r4ds.had.co.nz/tidy-data.html

meetdata$dateformat <- gsub("[0-9]","9", meetdata$Date)

meetdata %>% group_by(dateformat) %>% summarise(n=n()) %>% arrange(desc(n))

https://r4ds.had.co.nz/tidy-data.html


Separating Dates
meetdata <- meetdata %>%   separate(Date, into = c("Year", "Month", "Day"))

meetdata $Year <- as.numeric(meetdata $Year)

meetdata $Month <- as.numeric(meetdata $Month)

meetdata $Day <- as.numeric(meetdata $Day)



Column headers are values, not variable names

https://r4ds.had.co.nz/tidy-data.html

https://r4ds.had.co.nz/tidy-data.html


Turning headings into variables

powerdata$rowid <- rownames(powerdata)head(powerdata)

powerdata <- powerdata[,-c("Squat4Kg","Bench4Kg","Deadlift4Kg","TotalKg","Wilks")] %>%

gather(`BestBenchKg`, `BestSquatKg`, `BestDeadliftKg`, key = "Lift", value = "BestKg") %>%

mutate(Lift = sub("Kg","",sub("Best", "", Lift)))



Tidying Text Columns
powerdata$divformat <- gsub("[[:upper:]]","A",powerdata$Division)

powerdata$divformat <- gsub("[[:lower:]]","a",powerdata$divformat)

powerdata$divformat <- gsub("[0-9]","9",powerdata$divformat)

powerdata$divformat <- gsub("[A]{2,}","A*",powerdata$divformat)

powerdata$divformat <- gsub("[a]{2,}","a*",powerdata$divformat)

powerdata %>% group_by(divformat) %>% summarise(n=n()) %>% arrange(desc(n))



Tidying Text Columns
powerdata %>% filter(divformat == "Aa*") %>% group_by(Division) %>%

summarise(n=n(),pct=n()/147506) %>% arrange(desc(n)) %>% print(n=10)



Tidying Text Columns

powerdata$DivisionClean <- "Others“

powerdata$DivisionClean[powerdata$Division == 'Open'] <- 'Open‘

powerdata$DivisionClean[powerdata$Division == 'Boys'] <- 'Boys‘

powerdata$DivisionClean[powerdata$Division %in% c('Junior','Juniors')] <- 'Junior‘

powerdata$DivisionClean[powerdata$Division %in% c('Submaster','Submasters')] <- 'Submaster'

powerdata %>% 

group_by(DivisionClean) %>%

summarise(n = n()) 



Tidying Text Columns

powerdata %>% filter(divformat == "Aa* 99-99") %>%

group_by(Division) %>%

summarise(n=n(),pct=n()/44879) %>%

arrange(desc(n)) %>%

print(n=10)

powerdata %>%

filter(divformat == "Aa* 99-99") %>%

separate(Division,c("div_name","age_group"),sep=" ") %>%

group_by(div_name) %>% summarise(n=n(),pct=n()/44879) %>%

arrange(desc(n)) %>% print(n=10)



Tidying Text Columns



Back to the plot



Squats again
ggplot(subset(powertidy,LiftSuccess == TRUE & 
Lift == "Squat" & DivisionClean != "Others"), 
aes(x = BodyweightKg, y = BestKg)) + geom_point()



Alpha channel
ggplot(subset(powertidy,LiftSuccess == TRUE & Lift == "Squat" 
& DivisionClean != "Others"), aes(x = BodyweightKg, y = 
BestKg)) + geom_point(alpha = 0.2, size = 1)



Colour by variable
ggplot(subset(powertidy,LiftSuccess == TRUE & Lift == "Squat" 
& DivisionClean != "Others"), aes(x = BodyweightKg, y = BestKg, 
colour = Sex)) + geom_point(alpha = 0.2, size = 1)



Facet Plots
ggplot(subset(powertidy,LiftSuccess == TRUE & Lift == "Squat" 
& DivisionClean != "Others"), aes(x = BodyweightKg, y = BestKg, 
colour = Sex)) + geom_point(alpha = 0.2, size = 1) + 
facet_grid(Sex ~ DivisionClean)



Regression lines
ggplot(subset(powertidy,LiftSuccess == TRUE & Lift == "Squat" 
& DivisionClean != "Others"), aes(x = BodyweightKg, y = BestKg, 
colour = Sex)) + geom_point(alpha = 0.2, size = 1) + 
facet_grid(Sex ~ DivisionClean) + stat_smooth(method='lm', 
colour='black')



Boxplots
ggplot(subset(powertidy,LiftSuccess == TRUE & 

Lift == "Squat" &                DivisionClean == 

"Open" & Sex == 'M'),       aes(x = BodyweightKg, 

y = BestKg)) +  geom_boxplot(mapping = aes(group 

= cut_width(BodyweightKg, 10)))



Histograms
ggplot(subset(powertidy,LiftSuccess == TRUE & 

Lift == "Squat" &                DivisionClean == 

"Open" & Sex == 'M')) +  geom_histogram(mapping = 

aes(x = BodyweightKg), stat = "bin", fill = 

"blue", colour = "black")



Heatmaps
powertidy %>% filter(Lift == "Squat" & LiftSuccess == 

TRUE & Age > 0 & Sex == 'M') %>%  mutate(Age_bin = 

ntile(Age, 5), Weight_bin = ntile(BodyweightKg, 5), 

Lift_bin = ntile(BestKg, 5)) %>%  filter(Lift_bin == 5) 

%>%  group_by(Age_bin, Weight_bin) %>% summarise(n = n(), 

med = median(BestKg)) %>%  ggplot(aes(x = Weight_bin, y = 

Age_bin)) + geom_tile(aes(fill = med)) +  

scale_fill_gradient(low = "white",high = "red")



Timeseries data



Missing Values

https://r4ds.had.co.nz/tidy-data.html

https://r4ds.had.co.nz/tidy-data.html


Back to me
mb <- subset(power_meet_data, Name == "Mark Bell",              

c("rowid", "Name", 

"Year","Month","Day","Age","BodyweightKg",              

"BestSquatKg","BestDeadliftKg",  "BestBenchKg","Place"))



Back to the previous
mb %>% select(rowid, Name, Year, Month, Day, Age) %>%  

arrange( Name, Year, Month, Day) %>%  mutate(prev_row = 

lag(rowid), prev_age = lag(Age), prev_year = lag(Year),         

prev_name = lag(Name))



Strong by name…
powertidy %>% filter(Name == "Ron Strong" & Lift == 

"Bench" & LiftSuccess == TRUE) %>%  select(rowid, Name, 

Age, Year, Month, Day, BodyweightKg, BestKg) %>%  

arrange( Name, Year, Month, Day) %>%  mutate(prev_kg = 

lag(BestKg, 1)) %>%  mutate(prev_kg_mean = rollapply(data 

= prev_kg,                                      width = 

3,                                      FUN = mean,                                      

align = "right",                                      

fill = NA,                                      na.rm = 

T))



Preparing for machine learning



Untidy data
power_untidy <- spread(subset(powertidy_norm, LiftSuccess 

== TRUE,                               

c("Name","rowid","Equipment","DivisionClean", "Age", 

"BodyweightKg", "WeightClassKg","Sex", "Lift", 

"BestKg")),                       key = Lift, value = 

BestKg)power_untidy <-

power_untidy[complete.cases(power_untidy),]



Categorical variables:
One hot encoding

power_untidy <- power_untidy %>%   

separate_rows(Equipment) %>% mutate(count = 1) %>%   

spread(Equipment, count, fill = 0, sep = "_")



Normalisation vs.
Standardisation
(Subtle change of data!)

# Standardisation

mtcars <- mtcars %>% mutate_each(funs(z_std = (. -

mean(.))/sd(.)))

# Normalisation

mtcars <- mtcars %>% mutate_each(funs(z_norm = (. -

min(.))/(max(.)-min(.))))



The stats bit



Correlations
mtcars %>% correlate(diagonal = 1)



Correlations
mtcars %>%   correlate(method = 'spearman', diagonal = 1) 

%>%rearrange(method = "MDS", absolute = FALSE) %>%  

shave() %>%   rplot(shape = 15, colors = c("red", 

"green"))



Correlations ggpairs(mtcars)



Dimensionality Reduction
cars.data = mtcars[,names(mtcars) != "cyl"]cars.labels = 

mtcars[,"cyl"]cars.umap = 

umap(cars.data)head(iris.umap$layout)

Other algorithms are available:
• PCA
• T-SNE
• UMAP



Dimensionality Reduction
as_tibble(cars.umap$layout, .name_repair = "universal") 

%>% rename(UMAP1 = 1, UMAP2 = 2) %>%   mutate(Cylinders = 

mtcars$cyl) %>%  ggplot(aes(UMAP1, UMAP2, color = 

as.factor(Cylinders))) + geom_point()



Almost finished



Sharing your analysis



Summary

• Data is rarely clean
• Tidy your data
• Visualise your data
• Know your numbers

• High values; Low values; 
Missing values

• Quartiles
• Mean; Medians
• Correlations

• Create your own features
• Go to Kaggle!



Be thankful… 1000 rows x 1875 columns



UMAP not to the rescue



Thank You


