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 Processing of Multi-valued Attributes Based on Sparse Matrix 
 

Yunxiang Liu and Zigeng Wu 
 

Abstract: Multi-value attribute has always been a difficult problem to deal with in machine learning. 

Most models are unique for data format matching. When it is multi-value, most models cannot be used 

directly. At the same time, a large number of multi-valued attributes will be encountered in the 

construction of medical model. These attributes often represent that patients have multiple symptoms. 

The processing methods of multi- valued attributes can be roughly divided into two categories, one is 

through data preprocessing, the other is through algorithm pattern matching. The solution to medical 

multi-valued attributes in this paper is mainly through preprocessing, from the perspective of multi-

valued attribute representation and projection. The process is to use sparse matrix to represent multi- 

valued data, convert it to high-dimensional space, and then project it back to one dimension to 

complete the processing of such data. 
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I. INTRODUCTION 

IIn machine learning, multi-valued attributes have 

always been difficult to deal with. Most algorithms 

require single values for datasets, so they will encounter 

a series of challenges when directly using algorithms. 

On the problem of handling multi-valued attributes, 

most methods are divided into two categories: the first 

is to preprocess the data and process it into a dataset 

that can be recognized by the algorithm in advance; the 

second is to optimize the algorithm and change the 

algorithm from single valued preference to multi-valued 

preference[1]. 

Recently Singh proposed a Plithogenic graph for 

handling multi-valued attribute data by using the 

algebra of single- valued Plithogenic[2], Laber et al. 

present a framework to generate computationally 

efficient splitting criteria that handle, with theoretical 

approximation guarantee, multi-valued nominal 

attributes for classification tasks with a large number of 

classes[3]. Since multi-valued attributes are at large 

discrete, Zheng et al. proposes a truth discovery method 

incorporating the quality and the correlations of data 

sources, namely Categorical Multi-Truths Finder 

algorithm[4]. Prakash et al. provide another similarity 

mechanism is introduced that is defined around 

including multi-valued characteristics which can be 

used for grouping[5]. Lnc Prakash, K., and K. 

Anuradha. proposed a contemporary approach for 

selecting optimal values for features of multi-valued 

attributes[6]. Yi proposes a new decision tree algorithm 

for multi-valued and multi-labeled data [7]. 

Many scholars have done a lot of research in the 

algorithm layer, but there is less research in the multi 

value attribute data preprocessing, and the use of data 

preprocessing methods can avoid changes to the 

algorithm, which will save time and cost. Therefore, 

this paper focuses on data preprocessing as a method of 

processing multi-valued attributes. Next, three methods 

of processing multi-valued attributes will be introduced. 

 

II. PROCESSING METHOD 

The main idea of processing multi-valued attributes 

in this paper is to convert multi-valued attributes to 

single valued attributes to better use machine learning 

algorithms directly. Here, three methods are used to 

process multi-valued attributes: the first is the 

traditional statistical value replacement method, and the 

last two ideas are to encode multi-valued attributes into 

sparse matrices, and then project them into one-

dimensional space. 

A. Statistical value replacement 

Statistical value, also known as sample value, is a 

comprehensive description of a variable in the sample 
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In other words, it is the comprehensive quantitative 

expression of certain characteristics of all elements in 

the sample. The statistical value is calculated from the 

sample, which is the estimator of the corresponding 

parameter value. We can use statistical values to 

replace multi-valued attributes. This approach is 

equivalent to thinking that multi-valued attributes are 

noisy, which will perform well when there are few 

multi- valued attribute data, but some knowledge 

discovery may be missed when analyzing practical 

problems. 

B. Multi-value to single-value method 

For a matrix w=[w1,w2,...,wn], we construct an 

equation x = a1w1+a2w2+...+anwn, where x is the 

solution of the matrix w from multi value to single 

value. The projection result x is as follows: 

1 1 2 2x a a ... an nw w w   
                   (1) 

For the solution of a1 to an, we can use a variety of 

machine learning algorithms. In this paper, logistic 

regression is used as the method to solve the 

coefficients. The realization of logical regression 

includes three steps: finding the prediction function, 

constructing the loss function, and finding the 

regression parameters that minimize the loss function 

[8][9]. First, the form of prediction function is as 

follows: 

Ta
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The loss function measures the error between the 

actual value and the predicted value. In logistic 

regression, maximum likelihood method is used to 

identify model parameters. The loss function is defined 

as: 
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The regression parameter a of the minimum loss 

function can be obtained by gradient descent algorithm, 

which is used to find the local optimal solution of the 

function. In the gradient descent method, the partial 

derivative of the above loss function can be as follows: 
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Then the parameters can be updated according to the 

negative gradient direction of the parameters: 
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C. PCA PROJECTION 

Principal component analysis is an unsupervised 

linear transformation algorithm that generates new 

features by determining the maximum variance of data 

[10] [11]. The algorithm process is as follows: 

First, construct the covariance matrix: 
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Secondly, apply linear eigen decomposition to the 

covariance matrix to calculate the eigenvalues λ and 

eigenvectors v: 

 

cv v 
                             (7) 

Then rank the eigenvalues and eigenvectors, select 

the first k to form the transformation matrix Uk=[u1, 

u2,..., uk], and finally obtain the k-dimensional 

projection matrix through the transformation matrix 

Y xU
                                     (8) 

Where Y is the projection matrix, x is the original 

dataset, and U is the transformation matrix. 

 

III. EXPERIMENT 

 

A. Experiment data 

The experimental data is the colon cancer data of a 

third grade-A hospital in Shanghai, with a total of 1859 

pieces of data. The table below shows some original 

experimental data. 

TABLE I.  DATA OF CRC PATIENTS 

age BMI 

Change 

of stool 

habits 

Abdo

minal 

disco

mfort 

Anore

ctal 

sympt

oms 

Intesti

nal 

bleedi

ng 

Syste

mic 

symp

toms 

La

bel 

86 16 2+3 1+2 2 1 3 1 

43 20 2+3 5 2 3 5 1 

48 25 2+3 5 2 3 5 1 

61 23 2+3 5 2 1 3 1 

66 22 2+3 5 1 1 2 1 

48 23 5 2+3 2 2 5 0 

36 16 5 1+2 2 3 5 1 
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39 16 5 1+2 2 3 3 1 

40 23 5 1+2 2 1 3 1 

42 28 5 1+2 2 1 5 1 

 

B. Experiment result 

TABLE II.  RESULTS OF STATISTICAL VALUE REPLACEMENT 

age BMI 

Change 

of stool 

habits 

Abdo

mina

l 

disco

mfort 

Anorec

tal 

sympto

ms 

Intesti

nal 

bleedi

ng 

Syste

mic 

symp

toms 

La

bel 

86 16 2 1 2 1 3 1 

43 20 2 5 2 3 5 1 

48 25 3 5 2 3 5 1 

61 23 2 5 2 1 3 1 

66 22 3 5 1 1 2 1 

48 23 5 3 2 2 5 0 

36 16 5 1 2 3 5 1 

39 16 5 2 2 3 3 1 

40 23 5 1 2 1 3 1 

42 28 5 1 2 1 5 1 

 
This is the result after using the statistical value 

replacement. It can be seen that change of stool habits 

of multi-value attributes by 2+3, and the ratio to change 

of stool habits of single value attributes by 2 and 3 in 

the original dataset is 7:5. Therefore, multi value 

attributes are converted into stool habits 2 and 3 by this 

ratio. Similarly, the ratio of abdominal discomfort 1 to 

2 is 3:1, so this ratio is used for replacement. The 

results are shown in Table 2. 

TABLE III.  PARTIAL RESULTS OF MULTI-VALUE TO SINGLE-
VALUE 

age BMI 

Change 

of stool 

habits 

Abdo

minal 

disco

mfort 

Anorec

tal 

sympto

ms 

Intest

inal 

bleedi

ng 

Syste

mic 

symp

toms 

Lab

el 

86 16 0.57 0.77 2 1 3 1 

43 20 0.57 -0.41 2 3 5 1 

48 25 0.57 -0.41 2 3 5 1 

61 23 0.57 -0.41 2 1 3 1 

66 22 0.57 -0.41 1 1 2 1 

48 23 -0.36 0.23 2 2 5 0 

36 16 -0.36 0.77 2 3 5 1 

39 16 -0.36 0.77 2 3 3 1 

40 23 -0.36 0.77 2 1 3 1 

42 28 -0.36 0.77 2 1 5 1 

The item of stool habit change was coded with sparse 

matrix, and then the coefficient and intercept were 

calculated using logistic regression. The coefficients of 

1-5 were -0.02117089, 0.20781661,0.16816506, 

0.29339738, -0.5665622, and the intercept was 

0.19968201. The final single value result calculated by 

the formula, the abdominal discomfort is also treated in 

the same way. The results are shown in Table 3. 

TABLE IV.  PARTIAL RESULTS OF HIGH-DIMENSIONAL 

PROJECTION 

age BMI 

Change 

of stool 

habits 

Abdo

minal 

disco

mfort 

Anorec

tal 

sympto

ms 

Intesti

nal 

bleedi

ng 

Syste

mic 

symp

toms 

Lab

el 

86 16 1.18 1.29 2 1 3 1 

43 20 1.18 -0.3 2 3 5 1 

48 25 1.18 -0.3 2 3 5 1 

61 23 1.18 -0.3 2 1 3 1 

66 22 1.18 -0.3 1 1 2 1 

48 23 -0.26 0.66 2 2 5 0 

36 16 -0.26 1.29 2 3 5 1 

39 16 -0.26 1.29 2 3 3 1 

40 23 -0.26 1.29 2 1 3 1 

42 28 -0.26 1.29 2 1 5 1 

Similarly, the sparse matrix code for stool habit 

change is [[0,1,1,0,0], [0,1,1,0,0], [0,1,1,0,0], [0,1,1,0,0], 

[0,1,1,0,0], [0,0,0,0,1], [0,0,0,0,1], [0,0,0,0,1], 

[0,0,0,0,1], [0,0,0,0,1]]. Finally, the final projection 

result is obtained by the above method. The results are 

shown in Table 4. 

 

IV. Conclusion 

In this paper, we propose three processing methods 

for the preprocessing of multi-valued attribute data. 

Among the three processing methods, when the number 

of multi-valued attributes is small, statistical value 

replacement is a better method. This method takes less 

processing time and can improve the accuracy of model 

prediction. However, this method has an obvious defect 

that it is unable to predict the impact of multi-valued 

attributes, because all multi-valued attributes are 

converted to single valued attributes. The other two 

methods can effectively retain the information of multi-

valued attributes. In the actual analysis process, it can 
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be seen that two or more attributes have an impact on 

the category at the same time. These two methods have 

high practical significance. However, the accuracy of 

the model prediction depends on the situation. When 

the feature is not the determining feature, it has little 

impact on the accuracy of the classification model, and 

the loss caused by multiple PCA projections can also be 

ignored. 
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