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Abstract 

Bone marrow stem cell transplantation is a procedure to treat various types of cancer. In order to prevent 

complications in Bone Marrow Transplantation (BMT), past transplant records of the patients are analyzed. 

This will help in knowing the status of success of BMT. A dataset containing pre and post-transplant 

records of each transplant from patients undergone BMT were collected. The dataset may contain sparse 

records. The missing values in the sparse records are handled using collaborative filtering techniques. 

Classification algorithms are used in predicting the accuracy of the survival status. Ten-fold cross 

validation is used to evaluate the performance of these classification algorithms. Once high-confidence 

prediction of survival status is obtained it has direct application in prioritization of resource and in donor 

matching. If high accuracy prediction is not achieved, a probability to survival odds is assigned in decision 

support systems and in combination with other sources of information. 

 

Keywords: Bone marrow transplant, collaborative filtering, classification algorithms, recommender 

systems, survival. 

1. Introduction 

Bone marrow stem cell transplant (BMT) is a procedure that replaces destroyed or damaged bone marrow 

with healthy stem cells which is common treatment for certain kinds of cancer. BMT is not always a 

successful treatment. It involves in various side effects and risk factors which would cause death. 

Analyzing data from the past transplants and their results could shed light on some of the underlying causes 

of success versus failure.  Machine learning techniques are used to handle any kind of datasets that were 

hard to handle and analyze in the early days. A dataset containing pre and post-transplant records of 
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patients who had already undergone BMT is used here. The analysis presented here applies state-of-the-art 

machine learning techniques to tackle typical challenges that arise in the processing of real-life hospital 

records, including handling of the sparse and incomplete data, potential errors, or contradictory information 

in the records, etc. Specifically, the technical contributions of this study include the application of 

collaborative filtering (CF) techniques to the processing of incomplete and occasionally unreliable BMT 

records and supervised learning algorithms to predict the accuracy of survival status of patients. The 

clinical contributions of this study, beyond the collection of the data, are the experimental analysis of the 

predictability of post-transplant patient survival based on the pre-transplant attributes. 

2. Related Work 

There has been very little published in the medical literature exploring the use of data mining methods in 

the BMT donor selection, and all of it has focused on the prediction of graft versus-host disease (GvHD). 

GvHD, which occurs when the donor cells reject the recipient, is a painful and frequently fatal disease that 

is a common outcome of an unsuccessful BMT. GvHD comes in two forms: acute GvHD (aGvHD), which 

has grades I, II, III, and IV, and chronic GvHD (cGvHD). In one study [9], linear discriminant analysis was 

used to identify “stronger alloresponders”, that is, donors who are more likely to elicit GvHD. The study 

aimed to predict any GvHD in the patient post-transplant, and was able to identify stronger alloresponders 

with up to 80% accuracy comparing 17 genes and four gene pairs. The authors examined three traits from 

the recipients and five traits from the donors, and found that the haplotype mismatches statistically 

corresponded to increased risk of severe aGvHD. This research topic seeks to build upon the initial 

successes of [9] by decreasing the human involvement required and by examining more data mining 

methods. One drawback of the approach presented in [9] is that gene profile expressions are currently not 

approved for use in treating patients. Even if gene expression profiling becomes a permissible clinical tool, 

processing gene profiles requires extensive manual analysis and potential costs, which could be prohibitive 

to clinical applications. This research, therefore, seeks to classify the success of potential patient–donor 

BMT pairings using readily-available patient and donor data such as age, HLA levels, cytomegalic virus 

exposure, etc. A far larger number of pre-transplant features than either previous study are also used here. 

3. Existing System 

Accuracy of survival status of the patients is predicted by using the pre and post-transplant records. 

Collaborative Filtering techniques such as Probabilistic Matrix Factorization (PMF), Probabilistic Principle 

Component Analysis with missing values (PPCA-MV), Robust Principle Component Analysis (RPCA) are 

used for handling missing data. Classification Algorithms such as Random Forest (RF),Logistic Regression 

(LR), Support Vector Machine (SVM).  
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                                                   Figure-1 Existing system architecture 

4. Proposed System 

Existing system provides high accuracy on dense datasets only. In order to obtain high accuracy of the 

survival status even in highly sparse datasets we introduce a technique called Non-negative Matrix 

Factorization (NMF).It is a collaborative filtering technique and it can be used in the place of PMF. Here a 

comparative result is shown between PMF and NMF. It is clearly inferred from the result that NMF is 

better than PMF. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                                 Figure-2 Proposed system  

     RF       LR     SVM 

        Bayesian Optimization 

Handling missing information 

Collaborative filtering technique 

NMF PMF 

Supervised learning algorithm 

• PMF with SVM 

• NMF with SVM 



IJRIT International Journal of Research in Information Technology, Volume 3, Issue 4, April 2015, Pg. 296-300 

Karthika Gopalakrishnan, IJRIT-299 

 

4.1 Probabilistic Matrix Factorization (PMF): 

The previous approaches of CF can neither handle very large datasets no easily deal with users who have 

very few ratings. PMF model scales linearly with the number of observations and more importantly, 

performs well on the large sparse and very imbalanced Netflix dataset. PMF assumes that each entry Mij in 

the observed matrix is the product of two feature vectors. The latent vectors representing each of the 

patients and the features are learned by maximizing the likelihood of the observed entries under the 

previous formulation. Then unobserved entries are inferred as the mean of the distribution which is simply 

the product of the corresponding latent vectors. 

 

       (1) 

4.2 Non Negative Matrix Factorization (NMF) : 

Non-negative matrix factorization (NMF), also non-negative matrix approximation is a group of 

algorithms in multivariate analysis and linear algebra where a matrix V is factorized into (usually) two 

matrices W and H, with the property that all three matrices have no negative elements. This non-negativity 

makes the resulting matrices easier to inspect. Also, in applications such as processing of audio 

spectrograms non-negativity is inherent to the data being considered. Since the problem is not exactly 

solvable in general, it is commonly approximated numerically. 

In Matlab, [W,H] = NNMF(A,K) factors the non-negative N-by-M matrix A into  non-negative factors W 

(N-by-K) and H (K-by-M).  The result is not an exact factorization, but W*H is a lower-rank 

approximation to the original matrix A.  The W and H matrices are chosen to minimize the objective 

function that is defined as the root mean squared residual between A and the approximation W*H.  This is 

equivalent to 

D = sqrt(norm(A-W*H,'fro')/(N*M))                                         (2) 

The factorization uses an iterative method starting with random initial values for W and H.  Because the 

objective function often has local minima, repeated factorizations may yield different W and H values. 

Sometimes the algorithm converges to solutions of lower rank than K,and this is often an indication that the 

result is not optimal. 

4.3 Support Vector Machine (SVM):  

In machine learning, Support Vector Machine is a supervised learning models with associated learning 

algorithms that analyse data and recognize patterns, used for classification and regression analysis. Given 

set of training examples, each marked as belonging to one of two categories, an SVM training algorithm 

builds a model that assigns new examples into one category or the other, making it a non-probabilistic 

binary linear classifier. An SVM model is a representation of the examples as points in space, mapped so 

that the examples of the separate categories are divided by a clear gap that is as wide as possible. 

4. Conclusions and Future Work 

Records and measurements from the past BMT procedures were analysed to investigate the possibility of 

predicting the survival status of each patient based on their preoperative information and test results. 

Experimental results showed modest accuracies in predicting the survival states, but confirmed the 

feasibility of identifying the individuals with very high chances of survival with high accuracy, with 

significant implications for donor matching and the prioritization of resources. Future work includes the 

explicit modelling of the binary properties of dissected features into matrix factorization, incorporating a 
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generative model on the distribution of missing values into the prediction process, and also the collection of 

further records (more patients and more attributes) to enrich the dataset for further analysis. From the 

performance evaluation graph it can be clearly seen that NMF is a better collaborative technique when 

compared to PMF. The parameters of comparison are accuracy, precision, specificity, sensitivity and recall. 

 

Future work includes the explicit modelling of the binary properties of dissected features into matrix 

factorization, incorporating a generative model on the distribution of missing values into the prediction 

process, and also the collection of further records (more patients and more attributes) to enrich the dataset 

for further analysis. The future of nonnegative matrix factorization includes, but not limited to, 

(1) Algorithmic: Searching for global minima of the factors and factor initialization.  

(2) Scalability: To factorize million-by-billion matrices, which are commonplace in Web-scale data mining. 

(3) Online: To update the factorization when new data comes in without recomputing from scratch. 

(4) Collective (joint) factorization: Factorizing multiple interrelated matrices for multiple-view learning, 

e.g. mutli-view clustering, see CoNMF and MultiNMF. 
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