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324 Supporting information
325 S1 Fig 1. Graphical control element dialog box. (a) Dependent data file selected for
326 upload. (b) Selected target data file to upload. N.B. each file selection has to be done

327 one at a time.

328 S1 Fig 2. Current data upload panel. Both dependent and target data file names

329 shown (red boxes). Scroll down for uploaded data files directories.

330 S1 Fig 3(a) Dependent data. Example of partial dependent data file format. Testing

331 data (not shown) uses the same format.

332 Sl Fig 3(b) Target data. Example of partial target data file format where the targets
333 correspond to setosa = 0, versicolor = 1, and virginica = 2. Versicolor and virginica are

334 not visible in this screenshot.

335 S1 Fig 4. Selected logistic regression classifier. The interface for each selected
336  classifier, has uniform features. (a) Classifier definition is displayed, together with an
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337 underlined clickable link that reads “Learn more” next to the classifier name. (b) Training
338 methods with ‘Train Sample Size (%) method selected. (c) The classifier parameters

339 set to their default values.

340 S1 Fig 5. Trained logistic regression classifier. (a) Trained model using 78 data
341  points (75% of 105 data points), classifier evaluation (confusion matrix, model accuracy

342  and error). (b) Model validated using 27 data points (25% of 105 data points).

343 S1 Fig 6. Tested logistic regression classifier. (a) Upload testing data panel. (b)

344  Model tested using 45 data points.

345 S1 Fig 7. ‘Already Trained My Model’ window. (a) Upload ClassificalO trained model
346  panel. (b) Upload testing data panel. (c) Current data upload panel with both model and
347 testing data files names shown (red boxes). (d) Model preset parameters. (e) Trained
348  model result and model evaluation (confusion matrix, model accuracy and error). (f)

349  Model testing result.

350 S1 Fig 8. Training and testing using gene expression data. (a) selected k-nearest
351 neighbors classifier with trained and tested the data using the default parameters
352 values, (b) Same classifier selected with trained and tested data but using different

353  parameters values.

354 S1 Fig 9. Trained linear support vector machine classifier. Trained model using
355 GSE99039 121 data points and k-fold cross validation, classifier evaluation (confusion
356  matrix, model accuracy and error). Model validated and tested model using GSE18781

357 25 data points.
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S1 Fig 10. Features data. Example of partial features data file format where each

Affymetrix probe id correspond to a Y chromosome gene.

S1 Manual. ClassificalO user manual. User manual for ClassificalO, including all
supplementary Figs 1-10 as well as working examples implementing using

supplementary files S2-S8.

S2 Iris_Dependent_DataSet.csv. Iris dependent data set (105 data points).

S3 Iris_Target.csv. Iris Target data set (105 labels).

S4 Iris_Testing_DataSet.csv. Iris testing data set (45 data points).

S5 _Iris_FeatureNames.csv. Example Iris features (2 features: sepal length and

petal width).

S6_LogisticRegression_IrisTrainedModel.pkl. Example ClassificalO trained model

using logistic regression.

S7 IrisTrainValidationResult.csv. Example ClassificalO testing result using

logistic regression.

S8 IrisTestingResult.csv. Example ClassificalO validation result using logistic

regression.
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UPLOAD TRAINING DATA FILES
Dependent, target and features
» Dependent and target

Dependent
Target

CLASSIFIER SELECTION
l. Linear_model .
1: LogisticRegression
2: PassiveAggressiveClassifier
3: Perceptron
4: RidgeClassifier

Testing Data

UPLOAD TESTING DATA FILE

CURRENT DATA UPLOAD
#UUse My Own Training Data Up|oade'
Dependent Data: S1_Iris_Dependent|
Target Data: S2_Iris_Target.csv
Features Data: Not Uploaded
Test Data: S3_lris_Testing_DataSet.c|

5: Stochastic Gradient Descent (SGL

1: LogisticRegression Leam more.

"Logistic regression, despite its name, is a linear model for classification rather than regression. Logistic regression is also known in the literature as logit
regression, maximum-entropy classification (MaxEnt) or the log-linear classifier."

 Train Sample | L randor_state: multi_class: ovr ¢ intercept_scaling: [1 2 verbose: g = fit_intercept: dual: warm_start:
Size (%): I L Integer: |0 3 penalty: 12 ¢ max_iter: 100 7 n_jobs: |1 : True True True
5 50 95 o e il - ; : False False » False
K-fold Cross- . s : Iolinear - tol: 1.0E-4 : C: 1 G
Validation: &
Submit

{PARAMETERS: } {random_state = None} {shuffle = True} {penalty = 12} {multi_class = ovr} {solver = liblinear} {max_iter= 100} {tol = 0.0001} {intercept_scaling = 1.0} {verbose = 0}
{n_jobs = 1} {C = 1.0} {fit_intercept = True} {dual = False} {warm_start = False} {class_weight = None}
TRAINING RESULT: ID — ACTUAL — PREDICTION

CONFUSION MATRIX, MODEL ACCURACY & ERROR TESTING RESULT: ID — PREDICTION

Predicted Class Total objects predicted: 27 Total objects tested: 45
True | O 1 2 50—0—0 3—0
Class ———---———————————— 102 —2 — 2 4—0
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UPLOAD TRAINING MODEL FILE UPLOAD TESTING DATA FILE CURRENT DATA UPLOAD

#Already Trained My Model Uploade|
Model: S5_LogisticRegression_IrisTre
Test Data: S3_lIris_Testing_DataSet.c

#Upload History
h i '

Model File Testing Data

Submit

CLASSIFIER: ('"PARAMETERS: ', ‘random_state = None', 'shuffle = True', 'penalty = 12", 'multi_class = ovr', 'solver = liblinear’,
'max_iter= 100', 'tol = 0.0001", 'intercept_scaling = 1.0', 'verbose = 0", 'n_jobs = 1", 'C = 1.0", 'fit_intercept = True', 'dual =
False', 'warm_start = False’, 'class_weight = None')

CONFUSION MATRIX, MODEL ACCURACY & ERROR TESTING RESULT: ID — PREDICTION

Predicted Class Total objects tested: 45 '
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