Project II:
Building classifiers using a function estimator.

The objective of all these projects is to construct a classifier. The classifier should be a good class predictor for future observations. 

In order to build the classifier you need to define a feature space, and a partition of the feature space. 

These are the steps:

1. Define the set of features for prediction. 

                        The data = features + response-s.

2. Split the data into training and testing sets.

3. Use a function estimator ( ppr, mars, logistic regression…) in order to compute the probability distribution of the response as a function of the feature values. Select the best set of features or best model -- apply cross-validation when possible.

4.  Do steps 3 and 4 for more than one function estimation method and compare the misclassification rates on the training and testing sets.

5. Write your conclusion and interpret the results. Can you say anything about the partition induced by the classifier on your feature space? How easy is to interpret the results?

Group Project 1: 

Pima Indians Female Diabetes Study
The objective is to produce a set of conditions that predict the occurrence of diabetes on Pima Indian females. The following list describes the variables that are available to you.

	Variable
	Description

	prg
	Number of times pregnant

	plasma
	Plasma glucose concentration in saliva

	bp
	Diastolic blood pressure

	thick
	Triceps skin fold thickness

	insulin
	Two-hour insulin serum

	body
	Body mass index (weight/height)

	pedigree
	Diabetes pedigree function

	age
	Age of patient, in years

	Response
	Diabetes diagnosis


To read the data:

X <- read.table('pima.txt', header=T)

plots = function(x,y) { plot(x,y); lines(smooth.spline(x,y),col=2,lwd=3)}

for(i in 1:4)  plots(pima[,i],pima$RESPONSE)
Group Project 2:
Market segmentation.
Using our dataset orthopedic you need to find out market segments and hospitals

that are likely customers, but where my sales are low. (See reference Cabrera & McDougal (2002))

VARIABLES: ZIP HID CITY STATE BEDS RBEDS OUTV ADM SIR SALESY SALES12

                      HIP95 KNEE95 TH TRAUMA REHAB HIP96 KNEE96 FEMUR96

DESCIPTION:

BEDS :  
NUMBER OF HOSPITAL BEDS 

RBEDS :  
NUMBER OF REHAB BEDS 

OUT-V :  
NUMBER OF OUTPATIENT VISITS 

ADM :  

ADMINISTRATIVE COST(In $1000's per year) 

SIR :  

REVENUE FROM INPATIENT 

SALESY :  
SALES OF REHAB. EQUIP. FOR THE LAST 6 MO 

SALES12 :  
SALES OF REHAB. EQUIP. FOR THE LAST 12 MO 

HIP95 :  
NUMBER OF HIP OPERATIONS FOR 1995 

KNEE95 :  
NUMBER OF KNEE OPERATIONS FOR 1995 

TH :  

TEACHING HOSPITAL?  0, 1 

TRAUMA :  
DO THEY HAVE A TRAUMA UNIT?  0, 1 

REHAB :  
DO THEY HAVE A REHAB UNIT?  0, 1 

HIP96 :  
NUMBER HIP OPERATIONS FOR 1996 

KNEE96 :  
NUMBER KNEE OPERATIONS FOR 1996 

FEMUR96 :  
NUMBER FEMUR OPERATIONS FOR 1996

To read the data:
hos = read.table("hospital.txt",sep=",")

y  =  hos$V11  

yy = cut(y, c(-1,0,10,100,1000000), c("n","l","h","v"))

table(yy)

model.matrix(~yy-1) 

Group Project 3: 
Plastic explosives detection. 

Data Set: Pex23  

The data comes from a study for the detection of plastic explosives in 
suitcases using X-ray signals. 

The 23 variables are the discrete xcomponents of the xray absorption spectrum. 

The response is the last variable in the dataset. It takes two values: 
  

0: There is explosive 

1: There is not.
The objective is to detect the suitcases with explosives. (See textbook)  

Group Project 4:

4 types of tumors

Khan Data 

Column names follow this format:     TRAIN  + 1 + . + EW
ImageId, TRAIN1.EW, TRAIN2.EW, TRAIN3.EW, TRAIN4.EW, TRAIN5.EW, TRAIN6.EW, TRAIN7.EW, TRAIN8.EW, TRAIN9.EW, TRAIN10.EW, TRAIN11.EW, TRAIN12.EW, TRAIN13.EW, TRAIN14.EW, TRAIN15.EW, TRAIN16.EW, TRAIN17.EW, TRAIN18.EW, TRAIN19.EW, TRAIN20.EW, TRAIN21.EW, TRAIN22.EW, TRAIN23.EW, TRAIN24.BL, TRAIN25.BL, TRAIN26.BL, TRAIN27.BL, TRAIN28.BL, TRAIN29.BL, TRAIN30.BL, TRAIN31.BL, TRAIN32.NB, TRAIN33.NB, TRAIN34.NB, TRAIN35.NB, TRAIN36.NB, TRAIN37.NB, TRAIN38.NB, TRAIN39.NB, TRAIN40.NB, TRAIN41.NB, TRAIN42.NB, TRAIN43.NB, TRAIN44.RM, TRAIN45.RM, TRAIN46.RM, TRAIN47.RM, TRAIN48.RM, TRAIN49.RM, TRAIN50.RM, TRAIN51.RM, TRAIN52.RM, TRAIN53.RM, TRAIN54.RM, TRAIN55.RM, TRAIN56.RM, TRAIN57.RM, TRAIN58.RM, TRAIN59.RM, TRAIN60.RM, TRAIN61.RM, TRAIN62.RM, TRAIN63.RM, TEST64.NB, TEST65.EW, TEST66.NA, TEST67.RM, TEST68.NA, TEST69.EW, TEST70.BL, TEST71.NB, TEST72.NA, TEST73.RM, TEST74.NA, TEST75.EW, TEST76.NA, TEST77.NB, TEST78.BL, TEST79.NB, TEST80.RM, TEST81.BL, TEST82.EW, TEST83.EW, TEST84.EW, TEST85.RM, TEST86.NB, TEST87.RM, TEST88.NB 

To read the data:

X <- read.table('khan.data', header=T)

Data Description.

The columns of the data set are the patients. The rows are  gene expressions. The patients are classified into several groups according to the tumor type. 
Objective: To predict tumor type.

You want to fit a model to the tumor type using the gene expressions as your features. Start by selecting a few genes (features) by individual models, and then combine them into a multiple predictor mode

This code will help you extract the column info: tumor type, training and test group:

library(DNAMR)

data(Khan)

K = log( Khan[,-1])

kn = names(K)

u = strsplit(kn,"\.")

u = unlist(u)

dim(u)= c(2,88)

u = t(u)

u[,1] = substring(u[,1],1,4)

f.F(f.toarray(K),u[,2]) -> k.f

ktop = K[sort.list(-k.f[,1])[1:200],]

kpca= f.pca(ktop)

pairs(kpca$scores[,1:3],col=as.numeric(factor(u[,2])),pch=16)
Group Project 5:

Census Data from California.

Dataset:  Census 5% sample from California.

Use the definition of affordable housing as the response.

Important variables for affordability are  

   SMOCAPI  

   GRAPI

Important variables for low income are: HINC

   For a family of 4 Low income is below 80% of median income.

   For 3 lower that number by 10%

   For families of 5 increase the number by 8%

This link has the meaning of the variables in the file:

 http://www.census.gov/prod/cen2000/doc/pums.pdf

Group Project 6:

New York State Municipalities.

Dataset: New York state Municipalities. Each observation corresponds to a distinct municipality of New York State. The variables are as follows
VARIABLES:

1. State Code: (Not needed)

2. County Code

3. Expenditure per person. Grouped into high, medium, low.

4. Wealth per person

5. Population 

6. Percent intergovernmental

7. Density                  

8. Mean Income per person

9. id#  (for matching)

10. Growth rate

VAR NAMES:   ST CO EXPEN WEALTH POP PINTERG DENS INCOME ID GROWR

The response is partitioned into high medium and low expenditure. 

The objective is to predict expenditure groups.
TRANSFORMATION CODE:
lt = function(x,a=1) { x [x>=0] = log(1+a*x[x>=0]); x[x <0] = - log(1-a*x[x<0]); x}

par(mfrow=c(2,2)); hist(lt(nym$GROWR))

par(mfrow=c(2,2)); hist(lt(nym$GROWR),a=0.1)

hist(lt(nym$GROWR,a=0.1))

