Take Home Points
Hwk #5:  Regression and Classification
Biostat 202: Opportunities and Challenges of “Big Data”

For this homework we will use the “breastcancer.csv” dataset available on the CLE. The Wisconsin Diagnostic Breast Cancer (WDBC) dataset contains features that are computed from a digitized image of a fine needle aspirate (FNA) of a breast mass.  They describe characteristics of the cell nuclei present in the image. 

Attribute Information: The dataset consists of an Record ID (idno) in the first column followed by image features each graded from 1 to 10: "ClumpThickness", "CellSizeUniformity", "CellShapeUniformity", "MarginalAdhesion", "SingleEpithelialCellSize", "BareNuclei", "BlanChromatin", "NormalNucleoli", "Mitoses". The final variable indicates the diagnosis “Class” as to whether the sample is “benign” or “malignant”. 

Clustering
1. (1 point). Read the dataset in from the course CLE.  It is called “breastcancer.csv”.
2. (1 point). Use the type node to set the variables appropriately. The image features should be considered as continuous variables with Role as Input. Initially, set the Class variable to have Role “None” 
3. (2 points). Partition the data as Training (60%) / Test (40%)
4. (3 points). Run K-means algorithm with K = 2, 5, 8, 12. 
5. (2 points). Which one of the 4 models has the lowest Silhouette score based on each of the Training and Test datasets?
6. (2 points). Why might the number of clusters in the Test set be less than the number of clusters that were fit in the Training set?

You will notice that in the testing set, the number of clusters goes down to 7 and 11 from 8 and 12 in the training set. If you notice, the smallest cluster when K = 12 only contains 1 observation. Because you have already defined the clusters in your training set, there may not be any observations in your testing dataset that would be placed into the clusters, reducing the number of clusters you see when looking at the testing set statistics. This phenomenon usually occurs with smaller dataset and larger K values. With a larger dataset and smaller K values, the probability that you fill all of your clusters is higher. 

7. (4 points). Given the observed Silhouette scores, describe how might you now go about finding the single best value of K (i.e. for all possible numeric choices of K)?

While the easiest way to go about doing this for a small dataset would be to try all possible values of K (i.e. the brute force method), this would almost be impossible (or challenging for your computer) when you have much larger datasets (e.g. K = 1 million). In computational therory, one can separate algorithms into what are known as deterministic and stochastic methods. A deterministic method (or model) is one where the model will perform the same way for a given set of initial conditions. In contrast, a stochastic method introduces some randomness and will not necessarily perform the same way for each time you run the algorithm. 
Aside from the brute force method where you attempt all possible values of K and come up with the highest silhouette score, you can think about how to possibly partition the data to try a smaller subset of K values. From the previous example above, we can see that with increasing values of K, the silhouette scores tended to decrease. One can imagine an algorithm to find the best silhouette value with the following:
1) select the mid-point (K/2) of all the K values and calculate the silhouette value for K/2
2) calculate the silhouette value for K/2 + 1
3) determine if silhouette values are increasing or decreasing, if increasing, then calculate the value for K/2 + 2; if decreasing, then reverse direction and calculate silhouette value for K/2 – 1
4) keep going until you find a maximum silhouette value and read off the K value that corresponds to this maximums silhouette value

You can see with the above deterministic algorithm, at most, you will have to perform calculations of half of your K values until you the K value that yields the optimal silhouette value. This cuts computational time in half, but if you have an extremely large dataset, this may still be computation challenging. 

A further challenge comes in when your silhouette score values are not related to the K value in a linear fashion, but rather can fluctuate over many K values. Now you will have undulations in the relationship with potentially several local maxima but one global maximum. This becomes more challenging for your algorithm above and you can see that if you start at K/2, you may get stuck at a local maximum and not be able to find the global maximum. This is where a stochastic algorithm comes into play. 

A stochastic algorithm can be imagined as the following:
1) select a random K value from 1 to K and calculate the silhouette value
2) repeat sets 2-4 above to obtain a local maximum – you do not yet know if this is a local maximum or global maximum, but you must assume that it is a local maximum
3) select another random K value from 1 to K, calculate the silhouette value and find another local maximum
4) if your new local maximum silhouette score is higher than the previously found local maximum silhouette score, then replace the old maximum K and silhouette scores with the new ones
5) repeat this for j number of times until you are satisfied that you have found the global maximum

For a linear relationship between K and silhouette values, you will see that the stochastic and deterministic algorithm above actually converge and will give you the same answer – the only difference will be the starting K value that you use when you initiate the algorithm. For a non-linear relationship, the stochastic algorithm reduces the computational time needed to find a maximum, but remember, that being a random algorithm, you are not entirely certain that you will find the global maximum unless you run the algorithm K/2 number of times. However, if you notice that running the algorithm several times in a row produces the same maximum value, the probability that you have found the global maximum increases and at some point, you will be able to stop the algorithm and report your results. 

8. (3 points) What is the purpose of partitioning the dataset even though there is no gold-standard outcome to test against?

The main purposes of partitioning the dataset is to assess the clustering algorithm’s characteristics and accuracy. One can imagine that running a clustering algorithm on a particular dataset will provide you with N number of clusters and you can naturally obtain the characteristics of each cluster based upon the clustering algorithm used. However, there is no way to determine which clustering algorithm performs best when using several different algorithms and this is where the unseen testing partition is useful. 
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Classification
9. (1 point). Edit the Type Node such that Class is set to the Target variable.
10. (2 points). Partition the data as Training (40%) / Test (30%) / Validation (30%)
11. (2 points). Fit Logistic Regression, C5.0, Neural Networks, and Bayesian Networks with the default settings and with the Target variable as “Class”. 
12. (2 points). Which model performs best in the Training Set and which model performs best in the Test Set in terms of overall accuracy (based on the View selector in the Model Tab)?
13. (4 points). Examine the results with an Analysis Node. What kind of accuracy do we see in the Bayesian Network model for, a) the Training set, b) the Testing set, and c) the Validation set? (Note that I am using IBM Modeler specification of training/test/validation.) Do the same accuracy comparison for the Neural Network. Briefly comment on the differences in results.

  
