Tutorial — Case studies R.R.

1 Topic
Handling large dataset using the “filehash” package for R.

The processing of very large datasets is a crucial problem in data mining. To handle them, we must
avoid to load the whole dataset into memory. The idea is quite simple: (1) we write all or a part of
the dataset on the disk in a binary file format to allow a direct access; (2) the machine learning
algorithms must be modified to efficiently access the values stored on the disk. Thus, the
characteristics of the computer are no longer a bottleneck for the handling of a large dataset.

The drawback of this approach, especially when the data access is not very quick, is that the
processing time can increase in a prohibitive way. The data access strategy should be particularly
effective. A caching system, among others, can speed up the data transfer.

In this tutorial, we describe the great “filehash" package for R (http://cran.r-
project.org/web/packages/filehash/index.html). It allows to copy (to dump) any kind of R objects

into a file. We can handle these objects without loading them into main memory. This is especially
useful for the data frame object. Indeed, we can perform a statistical analysis with the usual
functions directly from a database on the disk. The processing capacities are vastly improved and, in
the same time, we will note that the increase in computation time remains moderate.

However, we will observe that when we still increase the size of the dataset, the computation is no
longer possible for some functions, whereas the computer resources are not all used. This is the
main drawback of this kind of "generic" approach. The modification of the learning algorithm and an
efficient implementation are often necessary to take advantage of the direct access to the data
stored in databases.

To evaluate the "filehash" solution, we analyze the memory occupation and the computation time,
with and without utilization of the package, during the performing of decision tree learning with
rpart (rpart package) and a linear discriminant analysis with Ida (MASS package). We perform the
same experiments using SIPINA. Indeed, it provides also a swapping system (the data is dumped

from the main memory to temporary files) for the handling of very large dataset. We can then
compare the performances of the various solutions.

2 Dataset

We use the Breiman'’s and al. wave dataset (1984). The data file contains 2,000,000 instances. We
already used this file elsewhere (http://data-mining-tutorials.blogspot.com/2009/10/local-sampling-

approach-for-decision.html). There are 21 predictive variables in the data file. Depending on the

configuration, we use a part or all of these variables.

The data file is in a tab delimited text file format. We include the R source code into the archive
(http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/wave2M.txt.zip).
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3 Standard analysis using R

3.1 Performing the analysis in memory (5 predictive variables)

In a first time, we load the dataset and we compute some descriptive statistics indicators. In a
second time, we launch the rpart (decision tree) and Ida (linear discriminant analysis) functions. We
use only 5 predictive variables (Vo7, V11, V17, Vo6, and V10). Then, we compute the prediction of the
model on the dataset. We get the confusion matrix and the resubstitution error rate.

#clear the memory

rm (list=1s())

#loading the data file
setwd("D:/DataMining/Databases_for_mining/dataset_for_soft_dev_and_comparison/swap_strategy")
wave.data <- read.table(file = "wave2M.ixt", sep = "\t", dec =".", header = T)

#checking the data

print(summary(wave.data))

#learning a decision tree - rpart

library(rpart)

settings <- rpart.control(xval=0,minsplit=100000,minbucket=100000,maxsurrogate=0,cp=0)
wave.tree <- rpart(Onde ~ VO7+V11+V17+V06+V10, data = wave.data, control = settings)
print(wave.tree)

#linear discriminant analysis

library(MASS)

wave.lda <- Ida(Onde ~ VO7+V11+V17+V06+V10, data = wave.data)

print(wave.lda)

#prediction

pred.tree <- predict(wave.tree, newdata = wave.data, type = "class")

pred.lda <- predict(wave.lda, newdata = wave.data)$class

#confusion matrix

mc1 <- table(wave.data$Onde,pred.tree)

errl <= 1.0 - (mc1[1,1]+mc1[2,2]+mc1[3,3])/sum(mc1)

mc2 <- table(wave.data$Onde,pred.lda)

err2 <—1.0 - (mc2[1,1]+*mc2[2,2]+*mc2[3,3])/sum(mc2)

The calculation was possible on my computer. We obtain the following decision tree. The
resubstitution error rate is 27.34%.
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R.R.

¥ print (mcl)
pred.tree

s B C
L 471460 102405 92792
R R Conscle B 92251 474009 99670
C 86902 72806 507705
> print (wave.tree) > errl <- 1.0 - (mcl[l,1]+mcl[2,2]+mcl[3,3])/sum(mcl)
n= 2000000 > print (errl

[1] 0.273413
node), =plit, n, laog
* denotes tern|

4

R R Console =) B3]

»

1) root 2000000 1332587 C (0.333328500 0.332965000 0.333706500)
2) VOT»=2.375 1045218 481172 B (0.384956057 0.539644361 0.075399582)
4) V1l«< 3.025 527889 186894 R (0.645959662 0.341871113 0.012163%225)
8) V1T>=0.785 282791 44000 A (0.832566564 0.145446381 0.021987054) *
9) V17< 0.795 2650%8 122850 B (0.460376695 0.536586470 0.002436835)
18) V10« 3.065 133207 52040 A (0.609329840 0.388981060 0.001689100)
19) V10>=3.065 131g91 41458 B (0.311143293 0.685664678 0.003192030)
5) W11>=3.025 5173259 133753 B (0.118624705 0.741454664 0.139920631) *
3) V0T« 2.375 954782 366178 C (0.2T76810832 0.108709175 0.616479992)
6) V1l< 2.935 3858593 167935 A (0.564£1459%5 0.006380007 0.428805394)
12) Voex=1.265 126193 26549 & (0.789625908 0.017337697 0.193036333) *
13) VOe<«< 1.265 259694 118582 C (0.455566936 0.001055088 0.543377976)
28) V1l< 2.005 128416 56564 A (0.559525293 0.000202467 0.440272240)
27) WV11>=2.005 131278 46704 C (0.353874983 0.001889121 0.644235896)
T) W1l»=2.935 568889 145758 C (0.081449984 0.174765200 0.743784816) *

&

The computation is also possible for the linear discriminant analysis. The error rate is 20.75%.

> print (mc2)
pred.lda
iy B C
A 492349 866%8 87610
B 61328 546133 58460
H% R Console C 62000 58888 546515

> print (wave.lda) > print (errl)
Call: [1] 0.2075015
lda (Cnde ~ WVOT7 + Y

4

> errl <- 1.0 - (me2[l,1]+mec2[2,2]+mc2[3,3]) //sum(mc2)

R R Console [ |- B3]

Prior probakbilities of groups:
B B C
0.3333285 0.3329650 0.3337065

Group means:

Vo7 vii vi7 vVoe Vio
2.998%920 2.00122% 2.001245378 2.5021677 2.001537
4.000516 4.002317 -0.001723755 2,9952801 4,000647
1.001623 4.001476 1.998217116 0.4985761 3.001757

Z
2

[ v - =

Coefficients of linear discriminants:
LD1 LD2

V07 -0.3194377166 0.1096921

W11l -0.0003456258 -0.4206426

V17 0.2125826802 0.2090596

VO0& -0.2655422770 0.1658616

V10 -0.1049753976 -0.3138073

Proportion of trace:
LD1 LDz
0.5451 0.4549

4

m
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We summarize the results in a table (Figure 1). We provide the computation time and the memory
occupation during the processing. About the memory occupation, we use the gc(.) function. Last,
we retrieve also the memory occupation measured by the windows task manager.

Processing into memory
Learning phase Time (sec.) Mem. Occup. MB (Ncells+Vcells)
Connecting / loading 51.57 331.8
Descriptive statistics 5.54 332
rpart 38.52 427.7
Ida 11.79 428.1
Saving decision tree -- --
Saving Ida -- --
Prediction phase
Connection / loading -- --
Prediction with a tree 3.9 443.4
Prediction with a Ida 38.41 451.1
Cinfusion matrix 1.15 451.1
[Windows mem. Occup (MB) [ -- [ 591

Figure 1 - Performances — Processing into main memory

Veells 51578175 393.6

—

144293183

1100.9 143580345 1085.5

3.2

R r console L= [EES | The gc() function shows that

> gel) we can handle a larger
used (M) gc trigger (M) max used (M)

Hecells 2150871 £57.5 6910418 184.& 6792403 181.4 dataset. The current

processing does not used all
the available memory.

Processing into memory with all the predictive variables

We want to repeat the same experiment but using all the 21 predictive variables now. The source

code is the following.

rm (list=Is())

setwd("D:/DataMining/Databases_for_mining/dataset_for_soft_dev_and_comparison/swap_strategy")

wave.data <- read.table(file = "wave2M.txt", sep =

print(summary(wave.data))

library(rpart)

"', dec =".", header = T)

settings <- rpart.control(xval=0,minsplit=100000,minbucket=100000,maxsurrogate=0,cp=0)
wave.tree <- rpart(Onde ~ ., data = wave.data, control = settings)

print(wave.tree)

library(MASS)

wave.lda <- Ida(Onde ~ ., data = wave.data)

print(wave.lda)

It seems that, in the standard configuration of our computer, the processing is not possible. An

exception is raised because the statistical functions want to allocate a large vector.
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R R Console RPART [ ][ B[]
> ZyEStem.timemar L eeeet (Onde ~ ., data = wave.data, control = 2 3+
Erreur @ impossible d'allouer un vecteur de taille 15.3 Mo
De plus : Warning messages:
1: In structure(list (message = as.character (message), call = call)},

Eeached total allocation of 1535Mb: see help (memory.=size)
Z2: Imn structure (list (message = as.character (message), call = call),

Reached total allocation of 1535Mb: see help(memory.size)
3: In attributes(.Data) <- clattributes(.Data), attrib)

Beached total allocation of 1535Mb: szee help (memory.=ize)
4: Im attributes|.Data) <- c(attributes|.Data), attrikb)

Eeached total allocation of 1535Mb: see help (memory.size)
S: In attributes(.Data) <- clattributes(.Data), attrib)

Reached total allocation of 1535Mb: see help (memory.size)
6: In attributes|(.Data) <- clattributes|(.Data), attrib)

Eeached total allocation of 1535Mb: see help (memory.=size)
Timing stopped at: 96.53 1.14 95.01

il

| [R R Console =158 53
.
> gystem.time (wave.lda <- lda(Cnde ~ ., data = wave.data))
Erreur : impossible d'allouer un vecteur de taille 15.3 Mo
De plus : Warning messages:

1: In oldClass(x) <- oldClass (xx)
Eeached total allocation of 1535Mb: see help(memory.size)
In oldClass(x) <- oldClass (xx) @ LDA
Reached total allocation of 153&5Mb: see help(memory.size)
3: In oldClass(x) <- oldClass (xx)

Beached total allocation of 1535Mb: see help (memory.size)
4: Inm oldClass(x) <- oldClass (xx)

Eeached total allocation of 1535Mb: see help (memory.size)
Timing =stopped at: 91.31 0.57 92.66

3]

4 3

It would require extensive knowledge about R to understand the error message and to provide
solutions to overcome this limitation. In our case, we prefer another strategy. We hope that the
"filehash" library will enable us to make the analysis directly from the data file on disk without
having to load the dataset into memory. Thus, the memory limitation will not be a barrier.

4 Using the “filehash” package in R

The «filehash » package (http://cran.r-project.org/web/packages/filehash/index.html) allows to

dump any kind of R object into a file. In the first time, we perform the analysis with the 5 predictive
variables. We evaluate mainly the computation time and the memory occupation. In the second
time, we check if it will be possible to perform the analysis with all the predictive variables (21).

4.1 Creating the file «.db » for the storage of a data frame object

First, we must install the “filehash” package. Then, the following commands allow to load the
dataset into a data frame (R object), and to store this one in the file “wave.dataset.db” on the disk.
The processing time can be very long. Be patient and do not interrupt operations.

#clear the memory
rm (list=Is())
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#loading the data file into a data.frame "wave.data" in memory
setwd("D:/DataMining/Databases_for_mining/dataset_for_soft_dev_and_comparison/swap_strategy")
wave.data <- read.table(file = "wave2M.txt", sep = "\t", dec =".", header = T)
#creating a database and insert the data.frame into the database

#loading the "filehash" package

library(filehash)

#creating a database with the name "wave.dataset.db"
dbCreate("wave.dataset.db")

#initialize the database

db <~ dblnit("wave.dataset.db")

#insert the data.frame into the database - the key is "wave.data"
dbInsert(db,"wave.data",wave.data)

Here are some indications about the size of the files. The original tab delimited text file size is
213,988 KB. The size of the “filehash” binary file is 335,939 KB. This increasing is not surprising.
Indeed, the file size depends on the coding of the values in memory. The real value is coded in 8
bytes, the discrete value (factor type in R) in 4 bytes. Thus, for 2,000,000 instances with 21
continuous predictive attributes and one discrete target attribute, we obtain

(2,000,000 x 21 X 8 + 2,000,000 X1 X 4) [ 1024 = 335,937.5 KB
We add the space for the list structure of the data frame object.
4.2 Processing the ”.db"” data file and storing the models

We want to perform the same analysis as before with the 5 predictive variables (section 3.1). But
now, we do not load the whole dataset in memory. We process directly the dataset on the disk.

#clear the memory

rm (list=Is())

#connecting the database

#loading the "filehash" package

library(filehash)

#initialize the database
setwd("D:/DataMining/Databases_for_mining/dataset_for_soft_dev_and_comparison/swap_strategy")
db <~ dblnit("wave.dataset.db")

#attach the database to an environnement

wave.env <- db2env(db)

#checking the dataset

print(summary(wave.envwave.data))

#learning a decision tree - rpart

library(rpart)

settings <- rpart.control(xval=0,minsplit=100000,minbucket=100000,maxsurrogate=0,cp=0)
wave.tree <- rpart(Onde ~ VO7+V11+V17+V06+V10, data = wave.env$wave.data, control = settings)
print(wave.tree)

#linear discriminant analysis

library(MASS)

wave.lda <- Ida(Onde ~ VO7+V11+V17+V06+V10, data = wave.envwave.data)
print(wave.lda)

#saving the models into a database
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#saving the tree
dumpObjects(wave.tree, doName = "wave.models.db")
#saving the Ida
dumpObjects(wave.lda, dbName = "wave.models.db")

Here are some details about the used commands:

e The dataset is never loaded in memory. We connect to the database with the dblnit() command.

e We associate the database to an environment with the db2env() instruction.

e At the end of the process, we can store the models in another database on the disk
[dumpObjects()]. It is really useful. Indeed, we can thus distribute the models and deploy them
on other databases. Beyond the possibility of processing the database from the disk, this feature
fully justifies the use of this package.

The rest of the process is the same as the processing in memory. The utilization of the database
does not modify the instructions for the data analysis (rpart and Ida). Last, we obtain exactly the
same result (model).

About the computation time and the memory occupation, we obtain the following values.

Processing on the disk (filehash)

Learning Time (sec.) Memory occup. (MB)
Connecting the database 0.02 6
Descriptive statistics 13.44 6.3

rpart 48.67 101.9

Ida 23.61 102.2
Storing the tree 250.82 102.2

Storing for Ida object 0.02 102.2

The increasing of computation time is undeniable. But, in the same time, we reduce dramatically the
memory occupation. In the Windows task manager, the memory occupation for R is also reduced
(111.9 MB against 591 MB).

It is clear that the “filehash” package is an elegant solution for the dealing with large dataset. Only
the initial creation of the binary file is a bit long and may be problematic. But, we perform this
operation only one times. It will not be repeated thereafter.

4.3 Model deployment

As we saw earlier, one of the exciting functionality of “filehash” package is the ability to store the
models in a file. Then, we can re-utilize them in another context, especially when we want to apply
the model on another database.

The models are stored in a binary file. We apply them on the learning database, thus we can check
the correctness of the prediction by comparing the confusion matrix with those obtained earlier
when we perform all the analysis into main memory. But the process is easily generalized on any
database. The only restriction is that the original variables must be available.

#clear the memory
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rm (list=ls())

#connecting the dataset into a database

#loading the "filehash" package

library(filehash)

#initialize the database
setwd("D:/DataMining/Databases_for_mining/dataset_for_soft_dev_and_comparison/swap_strategy")
db.data <- dblnit("wave.dataset.db")

#attach the database to an environnement

wave.env.data <- db2env(db.data)

#loading the packages associated to the models

library(rpart)

library(MASS)

#connecting the models into the database

db.models <- dbinit("wave.models.db")

#attach the db to an environnement

wave.env.models <- db2env(db = db.models)

#printing the models

print(wave.env.models$wave.tree)

print(wave.env.models$wave.lda)

#prediction on the dataset

pred.tree <- predict(wave.env.models$wave.tree, newdata = wave.env.data$wave.data, type = "class")
pred.lda <- predict(wave.env.models$wave.lda, newdata = wave.env.data$wave.data)$class
#confusion matrix

mc1 <- table(wave.env.data$wave.data$Onde,pred.tree)

err! <- 1.0 - (mc1[1,1]+mc1[2,2]+mc1[3,3])/sum(mc1)

print(err1)

mc2 <- table(wave.env.data$wave.data§Onde,pred.lda)

err2 <- 1.0 - (mc2[1,1]+mc2[2,2]+mc2[3,3])/sum(mc2)

print(err2)

About the computation time and the memory occupation, we have.

Processing on disk (filehash)

Prediction Time (sec.) Memory occup. (MB)
Database connection 0.02 6

Predict - Tree 22.45 94.3

Predict - Lda 46.49 102
Confusion matrix 15.36 102

Clearly, we do not use all the available resource of the computer here. We can easily handle larger
database. We note however that, in comparison with the processing in memory (Figure 1),
increasing in computation time is more significant for the tree.

4.4 Using all the predictive variables

Since the package "filehash" gives us a breathing space on computer memory resources, we can
legitimately think that it is now possible to process all predictors of the dataset. So we launched the
learning with 21 predictors.

#clear the memory
rm (list=Is())
#loading the "filehash" package
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library(filehash)

#initialize the database
setwd("D:/DataMining/Databases_for_mining/dataset_for_soft_dev_and_comparison/swap_strategy")
db <- dblnit("wave.dataset.db")

#attach the database to an environnement

wave.env <- db2env(db)

#checking the dataset

print(summary(wave.envwave.data))

#learning a decision tree - rpart

library(rpart)

settings <- rpart.control(xval=0,minsplit=100000,minbucket=100000,maxsurrogate=0,cp=0)
wave.tree <- rpart(Onde ~ ., data = wave.envwave.data, control = settings)
print(wave.tree)

#linear discriminant analysis

library(MASS)

wave.lda <- Ida(Onde ~ ., data = wave.env§wave.data)

print(wave.lda)

The result is disappointing. The calculation had failed, R sends us the same error messages when
processing in memory.

R R console ===
-

> Wwave.tree «£- rpart(Onde ~ ., data = wave.enviwave.data, control = settings

Erreur : impossible d'allouer un vecteur de taille 15.3 Mo

De plus : Warning messages:

1: In structure(list (message = as.character (message), call = call),

Reached total allocation of 1535Mb: see help(memory.size)
2: In structure(list (message = as.character (message), call = call),

Reached total allocation of 1535Mb: see help(memory.size)
3: In attributes|(.Data) <- c(attributes|(.Data), attrib)

Reached total allocation of 1535Mb: see help(memory.size)
4: In attributes(.Data) <- c{attributes(.Data), attrib}

Reached total alloecation of 1535Mb: see help(memory.size)
5: In attributes|(.Data) <- c(attributes|(.Data), attrib)

Reached total allocation of 1535Mb: see help(memory.size)
6: In attributes|(.Data) <- clattributes|(.Data), attrib)

Reached total allocation of 1535Mb: see help(memory.size)
> library (MASS)
> wave.lda <- lda(Onde ~ ., data = wave.enviwave.data)
Erreur : impossible d'allouer un wvecteur de taille 15.3 Mo
De plus : Warning messages:
1: In unserialize (con)

Reached total alloecation of 1535Mb: see help(memory.size)
2: In unserialize(con)

Reached total allocation of 1535Mb: see help(memory.size)
3: In oldClass(x) <- oldClass (xx)

Reached total allocation of 1535Mb: see help(memory.size)
4: In oldClass(x) <- oldClass (xx)

Reached total allocation of 1535Mb: see help(memory.size)
5: In oldClass(x) <- oldClass (xx)

Reached total allocation of 1535Mb: see help(memory.size)
6: In oldClass(x) <- oldClass (xx)

Reached total allocation of 1535Mb: see help(memory.size)

m

This is really disappointing because we do not use all the available resources. The probably reason of
this failure is that the rpart and Ida functions have not been designed to process data on disk. They
mechanically allocate a memory space proportionally to the size of the database. This confirms the
comments that we make above. To handle large databases to disk, it is essential to establish an
effective swapping system, but we must also adapt the implementation of learning algorithms.
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5 Swapping system for Sipina

We have already described the swapping system of Sipina for the processing of very large dataset. In

this section, we repeat the experiment carried out in R, with and without the swapping system. We
bring to mind that the system implemented in Sipina is especially intended to the induction of
decision tree. It is very interesting to evaluate the behavior of the system when we use the linear
discriminant analysis algorithm. Here also, we lead the analysis with the 5 predictive variables first;
then we perform the analysis with all the predictors, if this is possible.

Sipina does not provide indications about the memory occupation. We use the Windows task

manager to measure it.

5.1 Processing in memory — 5 predictors

71| Sipina.ini - Bloc-notes = El| To know the current settings of Sipina, we open the
okttt i SIPINA.INI configuration file: "buffered = 0" means that all
[DATA MANAGEMENT] - )

buffered = 0 . the dataset are loaded in memory.

El 2

5.1.1  Importing the data file

We click on the FILE / OPEN menu to import the « wave2M.txt » data file. We set the following

pa rameters.
3. Ouvrir &J
Regarder dans : | . swap_strategy j ﬁ‘ Ea-
3. Sipina Research Version 3.3 - [Learning set ed I Nom ™ Datedem.. Type Taille =aREl X
=h ——
= . T - wave2M bt
_$$_ Edit Data Statistics Induction mg| Emplacements = | %
i récents
Oy Mew 2
Open... /
Aty
Save — \
Maison
Save as... B
Export... bk
Ordinateur
Subsample management 4
L‘-
. =
Bxit Réseau Nom du fichier |wav32M.bd - Ouvrir f-
| Types de fichiers |Ta:d file format (. TXT) ﬂ Annuler
L
Import text file options [E=x)
onde vo1 voz Vo3 Va4 vos voe
_1.09 -0.8 -0.54 0.54 -0.35 -0.83
- 2 -0.42 0.08 -0.38 1.43 0.07 0.77
Learning method c 0.74 0.35 0.14 -0.32 0.47 0.38
MethodM ame=Improved ChalD [Tsc . 2 Pt 146 s 08 137 17¢ 488
MethodClazsM ame=TArbreDecizionl 2 0.18 017 _o.21 0.4 058 153
Hdl=8 = 2 -1.5 -1.48 -0.88 0.73 -0.37 0.54
MB!QB=D-DE B 0.24 1.72 1.52 0.41 z.1 z.32
Split=0.001 R 2 -0.3% -0.2 2.12 z.33 z.18 3.4%
TPPEBUnfe”Unl_=1 2 0.71 -0.08 3.13 z.5¢ z.27 5.43
Y alueBonferroni=1
Sampling=0 hd i i
E:-:amples selection Specifications Delimiters
1 examples §E|ECtEC| [V First taw is name of aliribuies = Tah".
0 EHEIITID'E!S idle [~ First column is label of examples " Space
Editing | NEW.FD ~ Cove [ 4]
Improved ChAID (Tschuprow Goodness of Split)
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5.1.2 Induction of decision tree

We use the C4.5 algorithm. We set the parameters which make comparable the computation time
to the rpart function of R. We click on the INDUCTION METHOD / STANDARD ALGORITHM menu.
In the dialog settings, we select the C4.5 approach. We click on the OK button. Then, we set the
parameters of the learning process. The leaves of the tree contain up to 100,000 instances.

2% Sipina Research Version 3.3 - [Learning set editor] - " =mRcn X
A% File Edit Data Statistics | Induction method | Analysis View Window Help =& *
[} Standard algorithm...
= == Al |onde [vo [z [vo3 [vos N o~
Select an induction methad -
Induction Graph l Hulelnduction] Meural network] Dizcriminant anal_l,lsis] Depfion Iist] Other ] -
A limited gearch induction tree algorithm [Catlett - 1991) e
1D31Y [Quinlan - 1336 1

GID3 [Cheng, Fayyad, Irani & Gian - 1988]
ASSISTANT 86 [Cestrik, Kononenko & Bratko - 198E)
ChalD [Kass - 1980
C4.5 [Quinlan - 19931

Improved C4.5 (R akotomalala & Lallich - 19539)
Improved ChalD [Techuprow Goodness of Split)

Cost senzitive C4.5 [Fakotomalala & Chauchat - 2001)
Ones-4ll Decision Tree

moR
=

[t

Size of leaves ; |100000 =

C4.5 (Quinlan - 1993)

]
)
o 0K X Annules |r
1

= = = B B B === = Sampling

Splt=0000 =

TopeBanfenari=l 18 A 119 -0.89 1.09 3.22 343 || & Al dataset

W aluel onferoni=1 19 A 0.84 -0.18 1.13 1.55 2.40 " Simple e

Sampling=0 - ||z20 c -1.38 0.87 067 178 -039 || ¢ Balanced e

Examples selection 21 B 0.40 -0.1% 3.21 0.37 244 ™ Shatified R000 e
2 B -0.44 0.56 1.21 1.50 -0.44
‘
Editing | NEW.FDM Attributes : 2

Improved ChAID (Tschuprow Goodness of Split) Exec.Time: b41b3 ms. |J

We click on the ANALYSIS / DEFINE CLASS ATTRIBUTE menu. We specify the target attribute
(ONDE) and the input ones (Voy, V11, V17, Vo6 and V10).

2¥. Sipina Research Version 3.3 - [Learning set editor] |
2% File Edit Data Statistics Induction method | Analysis | View Window Help =& %
0 Define class attribute... —-—-
| Ondé Select active examples... |Vl34 / |‘u'05 Ve |\ A
Aftribute zelection 1 05 035 083 il
Set weight field... / i .
2 A a3 nn7 n77 _
3 Attribute selection
o) Bkss / WVariables
s Onde -
B |Dnde / i :
7 W02 |
3 Adtributes W03
W04
9 vy W5
MY i
= w7 i
11 VOB
R |
12 Ll w03 |
13 |
Learming method W11 |
- il W12
Methodi ame=C4.5 [Quinlan - 1953) 5
MethodClazsh ame=T ArbreD ecizionC45 W13
Hdl=5 16 W14
Confidence level=25 17 W13
Leaf size=100000 o L
Sampling=0 ‘S W17
SamplingPart=5000 19 W18 |
20 S W13 L8
- ol W20
Examplas zelection 21 s -
2 ......
‘ | vo |
0K Anruler ‘
Editing ‘/ x
C4.5 (Quinlan - 1993) Exec.Time : 64163 ms. |J
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To launch the calculations, we activate the ANALYSIS / LEARNING menu. The learning process is
achieved in 53 seconds.

2% Sipina Research Version 3.3 - [Decision tree..] =HEEIS X

% Induction method Analysis  Tree management View Window Help - ||| ®
[}

= il
Attribute selection

- Class atribute -
E Onde
Eﬂ} Predictive attibutes =

-l vor
L Kkl
L Kk

Ll o |:

Learning methad
tethodM ame=C4.5 [Quinlan - 1333)
MethodClassM ame=Tabrel ecisionC45
Hdl=5
Confidence level=25
Leaf gize=100000
Sampling=0
S amplingPart=5000

Examples selection
2000000 examples selected

0 examplez idle -
4 »

C4.5 (Quinlan - 1993) Exec.Time: 53493 m.

In order to compute the confusion matrix, we click on the ANALYSIS / TEST menu. We select the
"Learning set" option to obtain the resubstitution error rate.

23, Sipina Research Version 3.3 - [Decision tree..] il = | S
%, Induction method | Analysis | Tree management View Wingbw Help - =] %
s} B2 | Define class attribute... | 5

‘ ‘ Apply classifier on ... [ |

Select active examples...

Attribute selection Apply on

[=-% Clazs attribute Set weight field... im {* Leaming set

. 18] Onde Set priors... == || " Inactive examples of D atabases
g% Predictive attibute

Set costs...

W 07

Set positive class value...

= _—
| II:.;.
Learning... :l —2

Learning methad Stop analysis = 3. Confusion matrix: Learni&set on NEW.FDM El@
MethodH ame=C4.5 [Quinlz o Onde
MethodClassMame=TArbre Classification L4 2 le [= [
Hdl=5 Thmaen oas R

- et a 503887 {73238 84552
Confidence level=25 . R .
Leaf size=100000 c 113f 71 44«:\::\:0 %‘ aiS;
Sampling=0 LIFT -- ROC curve... B 108683 38958 5182839

S amplingPart=5000

Error measurements 3
Examples selection ) Cost:0.2731
2000000 examples selecte Feature selection L
0 exanples ide -
Personnal tests 3 N
C45 (Quinlan -1993) Exec.Time : 53493 ms
|

5.1.3  Linear discriminant analysis

We stop the current analysis by clicking on the ANALYSIS / STOP ANALYSIS menu. Then, we select
the linear discriminant analysis method (INDUCTION METHOD |/ STANDARD ALGORITHM menu,
DISCRIMINANT tab). We validate the default settings.
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2¥. Sipina Research Version 3.3

File Edit Data Statistics | Induction method | Analysis  View
) | Standard algorithm... / i

Window Help

2| [re— ;

Select an induction method

Linear digcriminant analysiz
[uadratic discriminant analysis

Induction Graph] Fiule Induction] Neural network.  Discriminant analysis l Decizion list

3 Vs
i5 -0.83
7 077
7 058

Parameters for linear Discriminant Analysis

Pricrs Costs
" User defined

" Same of all classes

C4.5 (Quinlan - 1993)

o 0K
479 :
3 252 1
3 261 1
S T 3 1.92 z
0 examples idle 18 |a 1.39 -0.81 296 4.00 3.39 477 4~

Exec.Time: 830 ms

We click again on the ANALYSIS / LEARNING menu. We obtain the following visualization window.

¥ Sipina Research Version 3.3 - [Linear disciiminant analysis results] =REcIl X
2. Induction method Analysis  View Window Help = ||
!

= Conditional average Correlation matrix
Altribute selectlor? A C B Yo7 Yii
gz Class attribute * | [vor 590 1.0018 4.0005 o7 D00 0.1315
& D Ondz [ | [was 2.0012 4.0015 40023 Vi1 01315 1.0000
Predictive attibutes =1 w7 20012 1.9982 00017 Vi7 05282 03212
il 25022 0.4585 25553 V05 0.7222 0.21%8
""" VIO 2.0015 3.0018 4.0007 VIO 0.2168 0.5248 S
: - [
Learning method
tethodM ame=Linear discriminant analy: Discriminant function
MethodClazsM ame=TLinearD & A C | B |
Hdl=11 <
- Vor 1.6635 £1.0280 1.7146
Priors=2
Casts=1 Vit 1.7541 24724 24884
vi7 3.1433 3.0130 2.5581 .
VO& 1.2387 0.7728 3481
Vid 131321 1.7377 1.9601
Examples selection Gonstant -10.2135 112716 14,3033
2000000 examples selected
0 examples idle
Linear discriminant analysis Exec.Time : 2168 ms
A

We repeat the same processing as above to obtain the confusion matrix.

5.2 Using the swap files - 5 predictors

| Sipina.ini - Bloc-notes IEIEI-E:_hJ

| Fichier Edition Format Affichage ? |

[DATA MANAGEMENT] -
buffered = 1
4 L

We close the SIPINA application. Again, we open
the SIPINA.INI configuration file. We set “buffered =

"

1”. In this case, each column of the dataset is
dumped in a temporary file. Only a part of the
observations are loaded in a caching system. This

system was optimized for the learning of decision

trees; it is interesting to observe its behavior when we perform a discriminant analysis.

We repeat the processing above. We report here the computation time and the memory occupation.
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Processing in memory

Using a swapping system

Learning process Time (sec.) Time (sec.)

Data importation 64 67

Decision tree learning 53 64

Linear discriminant analysis 2 3

Confusion matrix 3 3

|Memory occupation after the importation of the data file | 229 | 19 |

Using the swapping system is definitely advantageous about the memory occupation. It is not really

surprising. But, we observe here that both decision t

ree and discriminant analysis are not much

penalized in terms of computation time. It is rather good news.

5.3 Using the swap files — All the predictive variables

Contrary to R, we can perform the analysis with all the

predictive variables in Sipina. We repeat the

same process as above, but when we specify the input variables, we include all the continuous
attributes (Vo1 to V21 -- ANALYSIS / DEFINE CLASS ATTRIBUTES menu). We obtain the following

decision tree in 28 seconds.

2¥. Sipina Research Version 3.3 - [Decision tree..]

H:FEL%1

A¥. Induction method  Analysis Tree management View Window Help
]

Xl
Attribute selection

-

Wl

(3

Learning method
MethodMame=C4.5 [Quinlan - 1333]

MethodClassame=TArbreDecisionC45
Hdl=

Confidence level=25
Leaf size=100000

Sampling=0
S amplingPart=5000

Examples selection

2000000 examples selected
0 examples idle

C4.5 (Quinlan - 1993)

Exec.Time: 258104 ms
=T Z

The processing time is 38 seconds for the linear discrim

inant analysis.

=== — = 7
¥, Sipina Research Version 3.3 - [Linear discniminant analysis results] _
¥ Induction method Analysis View Window Help = |&

B
i i | Conditional average Correlation matris
Attribute selectlor? 2 c |B o Ol voz -
gz Class atribute = | [vos 0.0003 -0.0010 0.0018 vo1 000D -0.0011
~[3 Onde vz 0.5000 0.0002 0.4558 vz -0.0011 1.0000
g Predictive atiibutes Vo3 1.0004 0.0008 0.5978 V03 0.0020 0.1755
E v o Vo4 1.5028 -0.0008 1.4881 Vo4 0.0:008 0.223%
Learing method V0E 2.0012 0.0017 1.8877 VOE -0.0002 0.2531
d 0 —— Vg 2.E0ZZ 0.4585 2.8252 V0a 0.0:004 0.2601
MethodM ame=Linear dizcriminant analy: | — = e N . — — —— 3
tethodClassM ame=TLinearDd ] 28550 0018 4.0005 - |4 3
Hdl=11 SIS s rnes
Priore=2 Dizcriminant function
Costz=1 A c |E | o
Vi1 0.0155 0.0162 0.0150
vz 0.5219 04455 0.4870
Examples selection \.-:-:3 10176 0.8854 0.3452
2000000 examples selected Vo4 287 2078 A4z
0 examples idle V5 2.0551 514 15144
VOB 25383 22858 2 4704 o
Linear discriminant analysis Exec.Time : 38501 ms .
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6 Conclusion

In this tutorial, we describe the filehash package for R. It allows to handle directly the dataset from
the disk. The memory occupation is thus dramatically reduced. The processing capabilities are
increased. The library is rather efficient. Even if the values are repeatedly accessed on the disk
during the data mining process, the increase in calculation time is not prohibitive.

However, we note that when we still increase the dataset size, some learning functions such as rpart
or Ida fail. It means that, even if we have an efficient solution to accessing the dataset directly on the
disk, we must adapt the implementation of data mining algorithms. The filehash package is not the
panacea.

Note: | try the dumpDF function to separately store each column of the data frame into the
database. The storing is much faster. When | wanted to perform the analysis with rpart and Ida, they

still failed, but the error messages are different. My investigations have stopped at this point.
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