
II. LSboosting for prediction of the DNA content 

We predict the DNA content of a cell based on brightfield and darkfield features only. 

This corresponds to a regression for which we used least squares boosting as 

implemented in the Matlab function ‘fitensemble’ under the option ‘LSBoost’. 

a) Open Matlab (we used version 8.0.0.783 (R2012b)). 

b) Open the provided Matlab function (Supplementary Code 4). 

c) Adjust the name of the input data containing the features that was created in 

step 4 I. to be used for regression (Supplementary Data 6). 

d) Adjust the name of the ground truth data for the DNA content that was 

created in step 4.I. to be used to train the regression (Supplementary Data 

7). 

e) Save the Matlab function. 

f) Run the Matlab function. In our example we used the settings ‘LearnRate’ 

equal to 0.1 and used standard decision trees ‘Tree’ as the weak learning 

structure. To fix the stopping criterion (corresponding to the amount of weak 

learners that is used to fit the data) we performed internal cross-validation 

(see below). The data is split into a training set (consisting of 90% of the 

cells) and a testing set (10% of the cells). Then the algorithm is trained on 

the training set for which the ground truth DNA content of the cells is 

provided, before it is used to predict the DNA content of the cells in the test 

set without providing their ground truth DNA content. The predicted DNA 

content is provided as Supplementary Data 9. 

III. RUSboosting for prediction of the mitotic cell cycle phases 

We predict the mitotic cell cycle phase of a cell based on brightfield and darkfield 

features only. This corresponds to a classification problem for which we used the 

boosting with random undersampling implemented in the Matlab function 

‘fitensemble’ under the option ‘RUSBoost’. 

 

a) Open Matlab (we used version 8.0.0.783 (R2012b)). 

b) Open the provided Matlab function (Supplementary Code 5). 

c) Adjust the name of the input data containing the features that was created in 

step 4 I. to be used for regression (Supplementary Data 6). 



d) Adjust the name of the ground truth data for the phases that was created in 

step 4.I. to be used to train the regression (Supplementary Data 8) 

e) Save the Matlab function. 

f) Run the Matlab function. In our example we used the settings ‘LearnRate’ 

equal to 0.1 and specified the decision tree structure that we used as the 

weak learning structure by setting the number of leafs ‘minleaf’ to 5. To fix 

the stopping criterion (corresponding to the amount of weak learners that is 

used to fit the data) we performed internal cross-validation (see below). 

Again, the data is split into a training set (90% of the cells) and a testing set 

(10% of the cells). Then the algorithm is trained on the training set for which 

the ground truth cell cycle phases of the cells is provided, before it is used to 

predict the cell cycle phase of the cells in the test set without providing their 

ground truth cell cycle phases. To show that the label-free prediction of cell 

cycle phases is robust we performed a ten-fold cross-validation. The predicted 

cell cycle phases are provided as Supplementary Data 10. 

Internal cross validation to determine the stopping criterion 

To prevent overfitting the data and to fix the stopping criterion for the applied 

boosting algorithms, we performed a five-fold internal cross-validation. To this end, 

we split up the training set into an internal-training (consisting of 80% of the cells in 

the training set) and an internal-validation (20% of the cells in the training set) set. 

We trained the algorithm on the internal-training set with up to 6,000 decision trees. 

We then predicted the DNA content/cell cycle phase of the inner-validation set and 

evaluate the quality of the prediction as a function of the used amount of decision 

trees. The optimal amount of decision trees is chosen as the one for which the 

quality of the prediction is best. We repeat this procedure five times and determine 

the stopping criterion for the whole training set as the average of the five values for 

the stopping criterion obtained in the internal cross-validation.  

 


