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W H AT  I S  O U R  D ATA?
Each obser vat ion is  a set of  5 cards and the result ing rank of  the hand based on standard poker rules.

0:  Nothing in hand;  not a recognized poker hand 1:  One pair ;  one pair  of  equal ranks within f ive cards 2:  Two pairs ;  two pairs of  equal ranks within f ive
cards 3:  Three of  a k ind;  three equal ranks within f ive cards 4:  Straight ;  f ive cards,  sequential ly ranked with no gaps 5:  Flush;  f ive cards with the same
suit  6:  Full  house;  pair  + different rank three of  a k ind 7:  Four of  a k ind;  four equal ranks within f ive cards 8:  Straight f lush;  straight + f lush 9:  Royal
flush;  {Ace,  King,  Queen,  Jack ,  Ten} + f lush

Data was given already spl it .  Combining them so I  can spl it  i t  myself.

## 'data.frame':    1025010 obs. of  11 variables:
##  $ Suit.of.Card.1: int  1 3 1 1 3 1 2 3 4 1 ...
##  $ Rank.of.Card.1: int  1 12 9 4 10 3 6 2 4 9 ...
##  $ Suit.of.Card.2: int  1 3 4 3 2 4 4 4 3 3 ...
##  $ Rank.of.Card.2: int  13 2 6 13 7 5 11 9 13 8 ...
##  $ Suit.of.Card.3: int  2 3 1 2 1 3 2 3 1 4 ...
##  $ Rank.of.Card.3: int  4 11 4 13 2 4 3 7 8 4 ...
##  $ Suit.of.Card.4: int  2 4 3 2 2 1 4 4 3 1 ...
##  $ Rank.of.Card.4: int  3 5 2 1 11 12 9 3 9 7 ...
##  $ Suit.of.Card.5: int  1 2 3 3 4 4 1 4 3 3 ...
##  $ Rank.of.Card.5: int  12 5 9 6 9 6 7 5 10 5 ...
##  $ Poker.Hand    : int  0 1 1 1 0 0 0 0 0 0 ...

Conver t  al l  columns to factors

## 'data.frame':    1025010 obs. of  11 variables:
##  $ Suit.of.Card.1: Factor w/ 4 levels "1","2","3","4": 1 3 1 1 3 1 2 3 4 1 ...
##  $ Rank.of.Card.1: Factor w/ 13 levels "1","2","3","4",..: 1 12 9 4 10 3 6 2 4 9 ...
##  $ Suit.of.Card.2: Factor w/ 4 levels "1","2","3","4": 1 3 4 3 2 4 4 4 3 3 ...
##  $ Rank.of.Card.2: Factor w/ 13 levels "1","2","3","4",..: 13 2 6 13 7 5 11 9 13 8 ...
##  $ Suit.of.Card.3: Factor w/ 4 levels "1","2","3","4": 2 3 1 2 1 3 2 3 1 4 ...
##  $ Rank.of.Card.3: Factor w/ 13 levels "1","2","3","4",..: 4 11 4 13 2 4 3 7 8 4 ...
##  $ Suit.of.Card.4: Factor w/ 4 levels "1","2","3","4": 2 4 3 2 2 1 4 4 3 1 ...
##  $ Rank.of.Card.4: Factor w/ 13 levels "1","2","3","4",..: 3 5 2 1 11 12 9 3 9 7 ...
##  $ Suit.of.Card.5: Factor w/ 4 levels "1","2","3","4": 1 2 3 3 4 4 1 4 3 3 ...
##  $ Rank.of.Card.5: Factor w/ 13 levels "1","2","3","4",..: 12 5 9 6 9 6 7 5 10 5 ...
##  $ Poker.Hand    : Factor w/ 10 levels "0","1","2","3",..: 1 2 2 2 1 1 1 1 1 1 ...

Check for  NA values.

## Suit.of.Card.1 Rank.of.Card.1 Suit.of.Card.2 Rank.of.Card.2 Suit.of.Card.3 
##              0              0              0              0              0 
## Rank.of.Card.3 Suit.of.Card.4 Rank.of.Card.4 Suit.of.Card.5 Rank.of.Card.5 
##              0              0              0              0              0 
##     Poker.Hand 
##              0

E X P LO R I N G  O U R  D ATA
Check distr ibut ion of  hand results.  Signif icantly less of  the higher hands.  This may result  in less accurate data for  those.  The rank and suit  distr ibut ions
however,  seem uniform as expected.

## 
##      0      1      2      3      4      5      6      7      8      9 
## 513702 433097  48828  21634   3978   2050   1460    236     17      8

## 
##      1      2      3      4 
## 256087 255696 257150 256077

## 
##      1      2      3      4 
## 256671 255861 255943 256535

## 
##      1      2      3      4 
## 256331 255247 256901 256531

## 
##      1      2      3      4 
## 255750 256530 256914 255816

## 
##      1      2      3      4 
## 257063 255478 255986 256483

## 
##     1     2     3     4     5     6     7     8     9    10    11    12    13 
## 79234 78818 78690 79017 78769 79142 78542 78786 78402 78761 79158 78858 78833

## 
##     1     2     3     4     5     6     7     8     9    10    11    12    13 
## 78738 78793 79020 78522 78307 78968 79038 78914 78367 78596 79304 79237 79206

## 
##     1     2     3     4     5     6     7     8     9    10    11    12    13 
## 79069 78969 78518 78748 78871 78587 79444 78905 78341 79073 78865 78855 78765

## 
##     1     2     3     4     5     6     7     8     9    10    11    12    13 
## 78717 79075 78749 78790 78698 78494 79524 78582 79036 78763 78895 78853 78834

## 
##     1     2     3     4     5     6     7     8     9    10    11    12    13 
## 78707 79379 79480 79200 78787 78761 78515 79040 79200 78924 78235 78303 78479

Which card is  selected seems to only alter  the chance of  the rarer hands.  This makes sense s ince the order of  the cards doesn’t  matter when scor ing a
hand,  but the low amount of  data for  higher scores wil l  l ikely have noise.

Only viewing the rarer hands.

Visual  demonstrat ion of  the order of  the suits not affect ing the outcome.

Not the best v isual  due to the overlapping nature of  the data.  Only showing 10k obser vat ions s ince 1m would take s ignif icantly longer to load,  but give
no addit ional  information.

Spl it  training and test  data.

C L A S S I F I C AT I O N  A LG O R I T H M S
Mult i-class logist ic  regression funct ion.  Takes test  and train data frames and target value.  Remaps to s ingle class and runs logist ic  regression.

Run regression for  each poker hand.

## [1] "Poker.Hand =  0"
## [1] "Accuracy =  0.499424395859553"
##     
## pred      0      1
##    0 102383 102619

Results show the algorithm learned to just  assume no for  ever ything.  This issue is  exaggerated when using many classes,  especially when they have
largely differ ing s izes l ike this data does.

Subset data for  kNN due to long run t ime.

Reformat data for  kNN.

Run kNN.

Results of  kNN.

##        data.pred
## results    0    1    2    3    4    5    6    7    8    9
##   FALSE 4126 4009  379  144   24    8   11    1    1    0
##   TRUE  6839 4365   70   22    1    0    0    0    0    0

After running a few t imes with different subset s izes,  accuracy seems to be around 55%-60%. Though this l ikely doesn’t  extrapolate well  to higher
poker hands s ince they are rarely seen.

## node), split, n, deviance, yval, (yprob)
##       * denotes terminal node
## 
## 1) root 820008 1611000 0 ( 5.013e-01 4.224e-01 4.762e-02 2.114e-02 3.862e-03 1.967e-03 1.421e-03 2.390e-04 1.829e-05 7.317e-06 ) *

Tree only has 1 layer,  so can’t  plot  i t .

## 
## Classification tree:
## tree(formula = Poker.Hand ~ ., data = train)
## Variables actually used in tree construction:
## character(0)
## Number of terminal nodes:  1 
## Residual mean deviance:  1.964 = 1611000 / 820000 
## Misclassification error rate: 0.4987 = 408925 / 820008

Run again with rpar t .

## n= 820008 
## 
## node), split, n, loss, yval, (yprob)
##       * denotes terminal node
## 
## 1) root 820008 408925 0 (0.5 0.42 0.048 0.021 0.0039 0.002 0.0014 0.00024 1.8e-05 7.3e-06) *

View summar y.

## Call:
## rpart(formula = Poker.Hand ~ ., data = train)
##   n= 820008 
## 
##           CP nsplit rel error xerror xstd
## 1 0.00681217      0         1      0    0
## 
## Node number 1: 820008 observations
##   predicted class=0  expected loss=0.4986842  P(node) =1
##     class counts: 411083 346377 39048 17338  3167  1613  1165   196    15     6
##    probabilities: 0.501 0.422 0.048 0.021 0.004 0.002 0.001 0.000 0.000 0.000

The different algorithms gave different results,  but neither are ver y good.  Both give s ingle layer trees so i t ’s  just  guessing the largest class which is
high card.

I  tr ied using random forest ,  but RStudio kept crashing.  I  bel ieve i t ’s  because of  the s ize of  the data set .

CO N C LU S I O N  A N D  A N A LYS I S
Overall ,  these algorithms did not work ver y well .  Of these,  kNN worked the best ,  though it  was by far  the slowest .  I t  l ikely worked the best because
changing the suit  of  the card doesn’t  change the result  and changing the cards not used for  the rank doesn’t  change the result .  For example,  i f  your
hand is  a pair  of  aces,  changing a two to a three won’t  change anything unless you already have a three.  On the other s ide,  you can have cases where
changing a s ingle card can give a var iety of  different hands.  A three of  a k ind can be turned into a four of  a k ind,  ful l  house,  or  a pair  just  by changing
one card.  While these models didn’t  work ,  there are probably models that would.  When I  downloaded the data set ,  I  saw someone mention they had
some success with using a neural  network .
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df1 <- read.csv("data/poker-hand-testing.csv")
df2 <- read.csv("data/poker-hand-training.csv")
df <- rbind(df1, df2)
rm(df1)
rm(df2)
str(df)

df$Suit.of.Card.1 <- factor(df$Suit.of.Card.1)
df$Suit.of.Card.2 <- factor(df$Suit.of.Card.2)
df$Suit.of.Card.3 <- factor(df$Suit.of.Card.3)
df$Suit.of.Card.4 <- factor(df$Suit.of.Card.4)
df$Suit.of.Card.5 <- factor(df$Suit.of.Card.5)

df$Rank.of.Card.1 <- factor(df$Rank.of.Card.1)
df$Rank.of.Card.2 <- factor(df$Rank.of.Card.2)
df$Rank.of.Card.3 <- factor(df$Rank.of.Card.3)
df$Rank.of.Card.4 <- factor(df$Rank.of.Card.4)
df$Rank.of.Card.5 <- factor(df$Rank.of.Card.5)

df$Poker.Hand <- factor(df$Poker.Hand)
str(df)

sapply(df, function(x) sum(is.na(x)==TRUE))

table(df$Poker.Hand)

table(df$Suit.of.Card.1)

table(df$Suit.of.Card.2)

table(df$Suit.of.Card.3)

table(df$Suit.of.Card.4)

table(df$Suit.of.Card.5)

table(df$Rank.of.Card.1)

table(df$Rank.of.Card.2)

table(df$Rank.of.Card.3)

table(df$Rank.of.Card.4)

table(df$Rank.of.Card.5)

opar <- par(no.readonly = TRUE)
par(mfrow=c(1,1))
plot(df$Poker.Hand, df$Rank.of.Card.1, main="First card", ylab="")

plot(df$Poker.Hand, df$Rank.of.Card.2, main="Second card", ylab="")

plot(df$Poker.Hand, df$Rank.of.Card.3, main="Third card", ylab="")

plot(df$Poker.Hand, df$Rank.of.Card.4, main="Fourth card", ylab="")

plot(df$Poker.Hand, df$Rank.of.Card.5, main="Fifth card", ylab="")

par(opar)

opar <- par(no.readonly = TRUE)
par(mfrow=c(1,1))
sub <- subset(df,as.integer(Poker.Hand) > 6)
sub$Poker.Hand <- droplevels(sub$Poker.Hand)
plot(sub$Poker.Hand, sub$Rank.of.Card.1, main="First card", ylab="")

plot(sub$Poker.Hand, sub$Rank.of.Card.2, main="Second card", ylab="")

plot(sub$Poker.Hand, sub$Rank.of.Card.3, main="Third card", ylab="")

plot(sub$Poker.Hand, sub$Rank.of.Card.4, main="Fourth card", ylab="")

plot(sub$Poker.Hand, sub$Rank.of.Card.5, main="Fifth card", ylab="")

par(opar)

opar <- par(no.readonly = TRUE)
par(mfrow=c(1,1))
plot(df$Poker.Hand, df$Suit.of.Card.1, main="First card", ylab="")

plot(df$Poker.Hand, df$Suit.of.Card.2, main="Second card", ylab="")

plot(df$Poker.Hand, df$Suit.of.Card.3, main="Third card", ylab="")

plot(df$Poker.Hand, df$Suit.of.Card.4, main="Fourth card", ylab="")

plot(df$Poker.Hand, df$Suit.of.Card.5, main="Fifth card", ylab="")

par(opar)

set.seed(1234)
sub <- df[sample(1:nrow(df), 10000, replace=FALSE),]
pairs(sub[c(2,4,6,8,10)], pch=21, bg=c("red","orange","yellow","chartreuse","green","cyan","blue","purple","magenta","violet")[unclass(sub$Po

set.seed(1234)
i <- sample(1:nrow(df),0.8*nrow(df),replace=FALSE)
train <- df[i,]
test <- df[-i,]
rm(i)

mclog <- function(train, test, val) {
  train$Poker.Hand <- as.factor(ifelse (train$Poker.Hand==val, 1, 0))
  test$Poker.Hand <- as.factor(ifelse (test$Poker.Hand==val, 1, 0))
  glm1 <- glm(Poker.Hand~., data=train, family="binomial")
  probs <- predict(glm1, newdata=test)
  pred <- ifelse(probs>0.5, 1, 0)
  acc <- mean(pred==test$Poker.Hand)
  print(paste("Accuracy = ", acc))
  print(table(pred,test$Poker.Hand))
}

for (x in 0) {
  print(paste("Poker.Hand = ", x))
  mclog(train, test, x)
}

set.seed(1234)
i <- sample(1:nrow(train), 80000, replace=FALSE)
sub.train <- train[i,]
i <- sample(1:nrow(test), 20000, replace=FALSE)
sub.test <- test[i,]

data.train <- sub.train[,1:10]
data.test <- sub.test[,1:10]
data.trainLabels <- sub.train[,11]
data.testLabels <- sub.test[,11]

library(class)
data.pred <- knn(train=data.train, test=data.test, cl=data.trainLabels, k=3)

results <- data.pred == data.testLabels
acc <- length(which(results==TRUE))/length(results)

table(results,data.pred)

library(tree)
set.seed(1234)
res <- tree(Poker.Hand~., data=train)
res

summary(res)

library(rpart)
set.seed(1234)
res <- rpart(Poker.Hand~., data=train)
res

summary(res)
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