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Supplementary Material 

 

1. Other machine learning strategies 

 

1.1 Online learning 

  Online learning is a widely used machine learning (ML) strategy which aims to update a training 

model according to a cost function that is constantly updated on newly coming data. The online 

learning approach uses stochastic optimization methods to update an existing model on upcoming 

training samples by minimizing a global cost function, where the model can be either updated on an 

individual upcoming sample or on a series of accumulated samples (known as mini-batch 

processing) (Saunders et al. 2019). The minimization of the empirical risk is given as: 

 

𝐼(𝑓) = 𝐸[𝑉(𝑓(𝑥), 𝑦)] = ∫𝑉 (𝑓(𝑥), 𝑦)𝑑𝑝(𝑥, 𝑦) 
(1) 

                                                                                                                                                   

, where usually a training sample of 𝑥𝑖 , 𝑦𝑖is extracted from a distribution p(x,y). Function f is a loss 

function where either least square or support vector machines with linear kernels can be used. The 

online learning will be based on only new incoming data but also use stored information 

independent of the training dataset.  

Hybrid online learning approximation methods can be based on non-linear kernels, as well as use of 

stochastic gradient descent (SGD) approaches for convex optimization. This aspect can be useful 

when considering many formulations where online learning is not applicable due to the fact that one 

needs to store all previous data points. One solution could be to use mini-batches techniques while 

using permutations over the training points. For such purposes SGD with back propagation can 

provide a valuable tool.  

 

1.2 Incremental learning 

   Another interesting approach that shares many similarities with the online learning, is incremental 

learning (Ganguly et al. 2019), which tries to adapt a continuous data model on constantly 

upcoming data streams. In contrast to online learning, incremental learning does not always need to 

be executed in an “online” manner or fashion. More specifically, incremental learning is a batch 

processing method that is used to train a supervised learning model on an initial batch (data stream), 

and then adjust the existing model on a series of upcoming batches, due to its ability to solve 

additive cost problems. This makes incremental learning, ideal in the case where large-scale data 

need to be processed “offline”, i.e., when the data are already stored in distributed databases. 

According to the literature, existing implementations of incremental learning methods are based on 

SGD for convex optimization, stochastic gradient boosting (Friedma et al. 2002) based on ensemble 

classifiers for achieving high performance, and Multinomial Naïve Bayes, among others. 

 

1.3 Meta learning 

Meta learning is a rigorous category of ML strategies where individual classification outcomes 

(metadata) are collected from the training of multiple classifiers on the same data and are finally 

combined to reduce the computational complexity of the incremental learning or online learning 



process offering some kind of parallel execution. Such methods, however, suffer from biases that 

are introduced during the assembly stage where the classification outcomes from different 

classifiers are combined. 

 

 

 

 

1.4 Instance based learning 

Perhaps the simpler of the two approaches is instance-based learning. It is based on the solutions of 

previous instances (problems) in order to provide outcomes for new inputs. This is achieved by 

producing predictions based on the similarity (distance) of a new input to its nearest neighbors in 

the training dataset. This in turn implies that all known instances are stored in memory for use. In 

this approach the generalization is explicit, no abstract models are involved in the process. This can 

lead to more adaptive generalizations, given that the implementation can simply store a previously 

unknown instance for future use. On the other hand, instance-based learning may lead to increased 

computational complexity due to the need of storing in, large volumes of instances. A learner of this 

category may also prove susceptible to data noise and overfitting. 

 

1.5 Model based learning 

This approach aims to create internal knowledge representations (abstractions) based on raw inputs. 

A model-based learner attempts to construct and consequently refine its model of the environment it 

operates, in order to deduce a set of underlying properties which in turn are to be used for producing 

predictions when new/unknown data are inserted. In this scenario, direct interactions with the 

environment (fundamentally represented by the set of inserted raw inputs) is minimized in 

comparison to instance-based learning. This may lead to faster learning sessions in some cases and 

may also produce more robust learning paradigms.  

 

2. Preprocessing for improving the quality of biomedical data 

2.1 Data curation 

2.1.1 Data quality dimensions 

   Many studies have been launched, highlighting the emerging role of data quality control in 

different domains, including the biomedical domain. Prior to the assessment of the quality of the 

data one must first define the data quality metrics, including the : (i) accuracy, (ii) conformity, (iii) 

completeness, (iv) relevance, (v) clarity, (vi) accessibility, and (vii) validity, among others. For 

example, accuracy denotes the act of valid robust classification among repetitive regimes, relevance 

shows the compliance of the data according to the requirements for describing the knowledge of a 

particular clinical domain under investigation. The increasing size of daily generated medical data 

has led to the development of automated data quality control strategies that overcome the huge 

amount of time needed by the clinical and data experts for manual curation, such as, outlier 

detection, inconsistent data types and formats, missing values, duplicated variables, and any other 

data recording errors. 

 

2.1.2 Outlier detection 

   The detection of values that deviate from standard population distribution is of great importance. 

These values are known as outliers. According to the literature, a variety of both univariate and 

multivariate outlier detection methods have been proposed. Examples of univariate methods include 

the z-score and the modified z-score which seek for values whose distance is larger than 3 times the 

standard deviation from the mean, i.e., values with z-scores larger than 3 or lower than -3, the 

interquartile range which seeks for values that are higher than the third quartile range or less than 



the first quartile range, the Grubb’s statistical test (Aslam et al. 2020) which tests for the hypothesis 

that the data include outliers, the median absolute deviation (MAD) which controls for the biases in 

the z-score, among many others. Examples of  more straightforward methods, i.e., multivariate 

methods, include the isolation forests (Liu et al. 2008) which serves as a supervised learning 

method that focuses on the isolation of outliers by generating partitions around a randomly selected 

data point to form regions that isolate the outliers from the normal data points, and the local outlier 

factor which estimates the local density for a given data point with its neighboring data points and 

indicates regions in the data where the density is low or high, where regions with low density 

correspond to outliers. The isolation forests algorithm can also be trained on data including outliers 

to detect them on new data streams. 

 

2.1.3 Data imputation 

   Often characterized as rigorous, data imputation is a computational approach that deals with 

missing data by filling the missing values to reduce the overall information loss. This attempt is 

particularly useful in the case of longitudinal data, where the existence of data across multi 

timepoints might be absent. Widely used data imputation strategies include the imputation with the 

mean value in the case of missing continuous values (e.g. numerical values) and with the median or 

the most frequent value in the case of missing discrete values (e.g. categorical values). One such 

example such as K-nearest neighbor (KNN) (Altman 1992) is an example of neighbour-based 

imputation which will use the most frequent observation among the k neighboring. Another 

imputation technique uses interpolation of observed values. Such imputation approaches focus on 

the development of regression models such as, regression trees and linear/logistic regression models 

to predict the missing values by training the algorithm on the given set of non-missing values for 

different variables. Gaussian processes can also be used for fitting an interpolant within a Gaussian 

data distribution or Hermitte interpolation, via interpolating the data points as a polynomial 

function. At this point it is important to note that outlier detection must be performed prior to the 

application of data imputation to avoid any data contamination. 

 

2.1.4 Data standardization/harmonization 

   Data standardization refers to the normalization of data values according to a pre-defined set of 

criteria that include standard data ranges and data types. It is a part of an emerging field in data 

science known as data harmonization which aims to overcome the barriers that obscure the 

interlinking of medical databases, such as, structural heterogeneities. To do so, a gold-standard data 

model is usually defined by the clinical experts on a field of interest (e.g. on breast cancer) which 

consists of a set of variables (laboratory tests, therapies, demographics, patient history, etc.) which 

sufficiently describe the domain knowledge of the field. For each one of the variables within the 

gold-standard data model, a particular data type (e.g. categorical) along with a value range (e.g. [0, 

1] where “0” denotes the absence and “1” denotes the presence of a condition) are assigned for data 

standardization purposes. Data harmonization, however, does not end there. It also focuses on the 

detection of variables among heterogeneous data structures that present similarities with those from 

the gold-standard model. To do so, lexical matching and semantic matching methods are applied to 

detect lexically similar data names (e.g. “gender” and “sex”), as well as variables that are 

conceptually similar (e.g. variables that describe the same concept). 

 

Other means of data harmonization can be smoothing techniques such as Averaging Methods or 

Exponential Smoothing Methods. As an example, the simplest algebraic formula for a simple 

exponential smoothing can be defined as . Xt is the current observation 

and α is the smoothing coefficient. A very well-known procedure is the moving average technique 

where the formula for a simple moving average can be given as: 

I (f )= E[V (f (x), y)]= ∫ V (f (x), y)dp(x, y)

https://en.wikipedia.org/wiki/Interpolation
https://en.wikipedia.org/wiki/Polynomial_function
https://en.wikipedia.org/wiki/Polynomial_function


                                                                                                                           
 

(2) 

 

where y is the variable and t is the current time period of observing the variable while n is the 

number of time periods in the average.  

2.1.5 Data discretization 

 Data discretization is widely used to discretize continuous variables in order to deal with potential 

data recording errors during the data collection process. To do so, data discretization is usually 

based on the assignment of data values into a pre-defined number of bins (i.e., the Equal frequency 

method) or into approximately equally sized instances (i.e., the Equal Width method). A more 

straightforward approach for data discretization is the minimum description length algorithm 

(Bouckaert 1993) which recursively splits the vector values to maximize the information gain in 

entropy, until the latter is lower than a threshold. In fact, the algorithm evaluates the information 

gain for all possible splitting values and picks the one that maximizes the information gain 

(Azhagusundari and Thanamani 2013): 

  

  If y={x1,x2,xi,…..xn} then the information gain is 

       

𝐼𝐺(𝑥|𝑦) = 𝐻(𝑥) − 𝐻(𝑥|𝑦), 
  

(3) 

where: 

𝐻(𝑥) is the average rate of existing information in , i.e. the entropy: 

 

 
(4) 

and 

𝐻(𝑥|𝑦) is the conditional entropy of  given the output vector : 

 

 
(5) 

 

where  is the fraction of the data point 𝑥𝑖 across the vector,  is the conditional 

probability of data point  given the data point  as the fraction of all the data points  that have 

the value . 

 

2.2.1 Feature selection and feature importance 

 

 Based on the above ideas when choosing to train a classifier it is important apart from the data 

normalization techniques to select suitable training data. The goal of feature selection algorithms is 

to find the best set of features that will allow one to build a well performed classifier. There can be 

supervised or unsupervised techniques for classifying the data, depending on whether the data are 

labeled. We can classify such techniques in categories. Filter techniques which enable one to pick 

up intrinsic properties of each feature via using univariate statistics instead of cross-validation. Such 

methods include information gain which is the information gain of each variable. Chi-square test 

which selects the desired number of features with the best chi-square scores. The Fisher score 

(gradient or the derivative of the log likelihood function) can be used to rank the variables. The use 

xi , yi

F t= (Xt+(1− a))× (F t− 1)

y⃑t=
yt+ yt− 1+ yt −n− 1

n

IG(x|y)= H (x)−H (x|y), H (x)

H (x)= −∑
i= 1

n

p(xi)log(p(xi)),

H (x|y)



of correlation for feature selection can be used to select variables that are highly correlated with the 

target but are uncorrelated among themselves. The variance threshold removes all features whose 

variance does not meet some threshold such as removal of all zero variance features or includes the 

removal of features that hold the same variance. In addition, one can use the mean absolute 

difference from the mean value or the calculation of dispersion ratios.  

   Other forms of selecting features includes wrapper methods. Wrapper methods search all possible 

subsets of features by learning a classifier and evaluating on each iteration its performance. These 

methods can include recursive feature eliminations which selects in each training iteration 

according to the performance of a classifier (the coefficients of a linear model) less features. Lasso 

methods which consist of adding a penalty to the different parameters of the ML model thus to 

reduce the freedom of the model in order to avoid over-fitting. Random Forest Importance or 

Markov Blankets can rank features by placing them in decision trees or nodes and measure how 

well can they improve the purity of the nodes.  

 

2.3.1 Class imbalance handling 

   A common problem during the development of ML models is the existence of class imbalance in 

the population which has a tremendous impact in the training process. Class imbalance occurs in the 

case where the population of the study group is significantly lower than the population of the 

control group. In this case, there are several methods that have been proposed to deal with this issue 

and are presented below, including: (i) random undersampling of the majority class, where the 

majority class is under-sampled into a given ratio, and (ii) random resampling of the minority class, 

where the samples in the minority class are replicated to match the population of the samples in the 

majority class. Let’ s consider a binary classification problem where the number of patients in the 

control group is significantly larger than the number of patients in the study group. In that case, the 

term “majority class” refers to the class of the control group (e.g. to the patients that have a “0” 

value) whereas the term minority class refers to the class of study group (e.g. to the patients that 

have a “1” value). Of course, the opposite can also occur. 

 

2.3.2 Random under-sampling of the majority class 

   One strategy for class imbalance handling is to reduce the number of samples in the majority class 

so that a ratio 1: x is maintained between the minority class and the majority class. The ratio 1: x is 

known as the under-sampling ratio, where “x” denotes the number of times that the majority class 

will be under-sampled. For example, in the case where the population group consists of 1000 

patients and the number of patients in the control group (majority class) is 900 and the number of 

patients in the study group (minority class) is 100, an under-sampling ratio of 1: 2 would result to a 

new dataset with 300 patients, where the number of patients in the study group will be the same and 

the number of patients in the majority group will be 200. During the under-sampling process, the 

number of patients in the control group can be selected randomly with or without replacement to 

match the given ratio. To avoid any biases during the application of a ML algorithm on only one 

randomly under-sampled population, the ML algorithm can be re-applied on different under-

sampled subsets and the performance evaluation results can be averaged. A more straightforward 

method for under-sampling is to compute the Tomek links (Zeng et al. 2016), i.e. pairs of close 

instances in the minority and majority class and remove the samples of the majority class on each 

link to increase the distance between the samples among the two classes. Another attempt is to use a 

combination of undersampling with ensemble learning (Polikar 2012) which can achieve maximum 

performance. Such schemes can be visualized above (Figure 1A). 

 

2.3.4 Random over-sampling of the minority class 

  Another strategy for class imbalance handling is to increase the number of samples in the minority 

class. In the over-sampling process, the records of the minority class are duplicated in order to 

match with the number of samples in the majority class. In the previous example, where the 



population group consists of 1000 patients and the number of patients in the control group (majority 

class) is 900 and the number of patients in the study group (minority class) is 100, an over-sampling 

ratio of 1: 2 would result to a new dataset with 600 patients, where the number of patients in the 

study group will be duplicated (replicated) two times (yielding 300 patients) and the number of 

patients in the majority group will be 300 out of 900 to match the population. In the case where the 

over-sampled dataset included all 900 patients in the majority class the minority class should be 

replicated 8 times. This, however, introduces critical biases during the development of a classifier 

since the samples in the minority class are duplicated and the training process is overfitted. A more 

straightforward and at the same time controversial method for over-sampling is SMOTE (Synthetic 

Minority Oversampling TEchnique) (Chawla et al. 2002) which generates synthetic patient records 

by selecting a random sample from the minority class and then uses the k-nearest neighbors’ 

method to generate synthetic data points in order to place them around that sample. 

   The ADASYN method (He et al. 2008) uses a weighted distribution based on the difficulty in 

learning, i.e. more synthetic data are generated for a harder learning process. This results in 

reducing the bias from incorrect imbalancing via shifting appropriately the classification 

boundaries.  Other methods such as Cluster-Centroids under-samples and resizes via clustering and 

finding centroids where these centroids are used to replace the original samples (Figure 1B). 

 

 

 
 

Figure 1. Differences between undersampling (A) and oversampling (B). 

 

 

2.3.5 Heuristic rules for data selection 

 

 Other known methods for handling imbalanced datasets include Near-Miss algorithms (Taylor et 

al. 2014). The Near-Miss algorithms apply heuristic rules in order to select samples. There are 3 

main categories that Near-Miss algorithms use. NearMiss-1 uses data from the majority class with 

an average distance k which is the nearest distance to the minority class samples. Similarly, 

NearMiss-2 includes the samples from the majority class where the average distance to the farthest 

samples of the minority class is the smallest. NearMiss-3 where at first this algorithm uses the 

nearest neighbors of the minority samples, then the majority samples are those where the average 

distance from the m neighbors is the largest. 

   Condensed Nearest Neighbour is another technique which uses an 1-NN to iteratively decide if a 

sample should be kept in a dataset or not. This method however is sensitive to noise due to the fact 

that noisy samples might be preserved in a class. One Sided Selection also uses the 1-NN but also 

uses Tomek Links to remove the samples which might be considered as noisy.  In addition, the 



neighborhood cleaning rule uses an edited nearest neighbor to remove some samples. Additionally, 

they use 3 nearest neighbors to remove samples which do not agree with this rule. 

 

 

3. Association rules 

 

3.1 Association rule mining 

   Association rule mining is widely adopted towards the discovery of hidden associations within 

clinical and genetic data which are described in the form of mathematical rules or sets of frequent 

items. The outcome of the association analysis can be treated as a matrix, where each row 

corresponds to a transaction and each column to an item. An association rule can be described using 

the form , where  and  are disjoint item sets. The item sets  and 𝐵 are called antecedent 

and consequent, respectively. The significance of an association rule can be quantified using two 

metrics, namely the support and the confidence. The support metric determines how often a rule is 

applicable whereas the confidence metric determines how frequently items in  appear in 

transactions that contain . Support is an important metric because a rule that has a very low 

support may occur simply by chance. On the other hand, confidence measures the reliability of the 

inference made by a rule. The higher the confidence the more likely it is for  to be present in 

transactions that contain . In addition, confidence provides an estimation related to the conditional 

probability of  given 𝐴. The association rule mining problem can be generalized as the problem of 

finding all the rules having support ≥ sup and confidence ≥ conf, where sup and conf are the 

thresholds of support and confidence, respectively. Using large support and confidence values we 

ensure that only significant rules are extracted to avoid any random occurrence with increased 

conditional dependence among the items.  

 

Support=
𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑤𝑖𝑡ℎ𝑏𝑜𝑡ℎ𝐴∩𝐵

𝑇𝑜𝑡𝑎𝑙𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑡𝑟𝑎𝑛𝑠𝑎𝑛𝑐𝑡𝑖𝑜𝑛𝑠
 = 𝑃(𝐴 ∩ 𝐵)        (6) 

 

Confidence = 
𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑤𝑖𝑡ℎ𝑏𝑜𝑡ℎ𝐴∩𝐵

𝑃(𝐴)
= 
𝑃(𝐴∩𝐵)

𝑃(𝐴)
 

 

       (7) 

 

Lift=
𝑃(𝐴∩𝐵)

𝑃(𝐴)𝑥𝑃(𝐵)
                                                                                                                                        (8) 

 

A common pipeline for association rule mining involves the application of two steps: (i) the 

detection of item sets that satisfy the sup-threshold which are referred to as frequent item sets, and 

(ii) the extraction of the high-confidence rules from the frequent item sets. Assuming a set of items 

in a data set, say 𝐼 = {𝑖1,𝑖2, . . . , 𝑖𝑛}, and a set of transactions, say 𝑇 = {𝑡1,𝑡2,… , 𝑡𝑚}, a transaction, 

𝑡𝑗 ,𝑗 = 1,2, … ,𝑚, contains the item set 𝐼. If an item set contains  items, it is called a 𝑘-itemset. An 

example of an association rule in the form of a 2-itemset is the following: 

 

{𝐶𝑟𝑦𝑜𝑔𝑙𝑜𝑏𝑢𝑙𝑖𝑛𝑒𝑚𝑖𝑐𝑣𝑎𝑠𝑐𝑢𝑙𝑖𝑡𝑖𝑠𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒} → 𝐶𝑟𝑦𝑜𝑔𝑙𝑜𝑏𝑢𝑙𝑖𝑛𝑒𝑚𝑖𝑎𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒,       (9) 

 

which implies that a patient with cryoglobulinemic vasculitis has also cryoglobulinemia. A widely 

used algorithm for association rule mining is the Apriori algorithm (Hegland et al. 2007) which uses 

support-based pruning to crease the exponential growth of candidate item sets thus, generating 

reliable frequent item sets and rules based on a level-wise approach, where each level corresponds 

to the number of items that belong to the rule consequent. These rules enable the detection of 

hidden patterns underlying disease onset and progression. In contradiction, the FP-Growth 

algorithm (Borgelt et al. 2005), which is an alternative of the A-priori algorithm, does not require 

H (x|y)= −∑
i= 1

n

p(xi)H (y∨ x= xi)= −∑
j= 1

m

∑
i= 1

n

p(xi , y j)log
p(xi , y j)

p(xi)
, p(xi) xi

p(xi∨ y j)

xi

y
j

x

y
j

A→B

A



candidate generation but uses a frequent pattern tree (FP-tree) without the need to generate 

candidate sets making FP-Growth particularly useful towards the detection of associations in big 

data. 

 

4. Acceding the performance of the classifier 

 

4.1 Train/test splitting 

   Perhaps one of the simplest and at the same time biased methods for validating the performance 

of a classifier. In the train/test splitting process, a ratio x/y is pre-defined to split the dataset into one 

training and one testing subset. For example, in a 0.8 ratio, 80% of the samples will be assigned in 

the training subset and 20% in the testing subset. Then, the classified is trained on the training 

subset and evaluated on the testing subset. It is obvious that this method introduces biases since the 

splitting process is randomly executed and only for one time. 

 

4.2 Clustering metrics 

 

As it has already been mentioned in unsupervised learning, any prior knowledge regarding the class 

(i.e., the true set of labels) is unknown. To evaluate the appropriateness of a pre-defined number of 

clusters (or partitions), assume , which yield the optimal set of clusters (or partitions) for a 

particular unsupervised learning problem, three popular indices that quantify the overall clustering 

density have been proposed, namely: (i) the silhouette (Rousseeuw 1987), (ii) the Davies-Bouldin 

(Davies and Bouldin 1979), and (iii) the Calinski-Harabasz (Wang et al. 2019). 

 

For a given set of clusters, say , the silhouette index (SI), , is defined as 

in (10): 

 

𝑠𝑖𝑙ℎ(𝐾) =
𝑎 − 𝑏

𝑚𝑎𝑥(𝑎, 𝑏)
,        (10) 

 

where, 𝑎 is the between-the-cluster distance, i.e., the average distance between an observation that 

belongs to cluster  with all its neighboring observations in 𝐾𝑗, and 𝑏 is the within-the-cluster 

distance, i.e., the average distance between the same observation, 𝑥𝑖, with its neighboring 

observations from the next nearest cluster. The silhouette value is evaluated on different 𝑐 values 

and the clustering number with the highest silhouette score is the one that yields optimal clusters 

with small between-the-cluster distance and large within-the-cluster distance. A silhouette value 1 

denotes a well-separated cluster, whereas a value -1 denotes otherwise.  

Another widely used clustering evaluation index is the Davies-Bouldin (DB) index, which 

quantifies the clustering similarity of 𝐾𝑗 by taking into consideration the average distance between 

the centroids of 𝐾𝑗 with its most similar one from the set of clusters 𝐾, as in: 

 

𝐷𝐵(𝐾𝑖,𝑗) =
1

𝑐
∑𝑚𝑎𝑥(𝑅𝑙𝑗)

𝑐

𝑖=1

,        (11) 

 

where  is the number of clusters, and 𝑅𝑖𝑗 is the similarity between cluster 𝐾𝑖 and cluster , : 

 

B

A B

B

A B A



𝑅𝑙𝑗 =
𝑠𝑖 + 𝑠𝑗

𝑠𝑖𝑗
.       (12) 

In (12),  is the average distance between the samples in  from its centroid, and  is the distance 

between the centroids in  and . The cluster number that achieves the lowest DB score (ideally 

close to 0) is the one that yields well-separated clusters since a large distance between the clustering 

centroids,  denotes better separation. 

 

Finally, the Calinski-Harabasz (CH) index measures the between the cluster variance (BCV) and the 

within the cluster variance (WCV) to quantify the clustering density of each cluster in , as in: 

 

 
       (13) 

where the BCV is defined as in: 

 

 
       (14) 

and the WCV is defined as in: 

 

 
       (15) 

 

In (15),  denotes the number of samples in ,  is the clustering centroid of ,  is the overall 

mean of the samples. In (40) the term  is the Euclidean distance between the input samples 

 and the centroid  of cluster 𝐾𝑖. In practice, high CH scores denote well-separated clusters. 

 

5. Applications of AI with Python. 

 

This section provides some basic examples of how to build Deep Neural architectures using 

libraries in python from Keras (Gulli and Sujit 2017), Tensorflow (Abadi et al. 2016) and Pytorch 

(Paszke et al. 2019). In addition, examples for evaluating the performance of classifiers are 

demonstrated. The example code for the CNN is based on DeepRipe (Ghanbari and Ohler 2020) 

architecture for deciphering the binding properties of RBPs. 

 

5.1 Code examples in Python for Building a CNN model: 

 

 Import of libraries: 
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P(A)xP(B)

I = {i1, i2, ... ,in}
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k {Cryoglobulinemicvasculitispresence}→Cryoglobulinemiapresence,



 

 

 

 

 

 
Built convolutional neural networks: 

  

5.2 Deep autoencoder model 

 

    

5.3 Basic design of Encoder / Decoders 

 



 

 

 

 

 

  

 

5.4 Basic design of Logistic regression & random forest 

 

 5.5 Example of Random Forests 



 

  

 

 

 

6.  Testing functions in python for accessing the performance of classifiers. 

 

The performance of classification can be assessed via several methods such as with the aid of 

confusion matrices or via determining and demonstrating the scores on what motifs or values the 

classifier has learned on while using the integrated gradient method (Sundararajan et al. 2017). 

 

6.1 Examples in R for machine learning and testing the performance of a classifier while 

learning from gene expression data. 

 

The following examples demonstrate a learning procedure based on gene expression data while 

using Random forest, glm and glmnet. A glmnet model (Friedman et al., 2010) fits generalized 

linear models via penalizing the maximum likelihood.  

 

 ##Load data 



 ##Create training and test data  

   
       

 

 

 

 

 

 

 

  #Determine labels  

 

 # Random Forest 



  

 # GLM model 

 

 # GLMNET model 

    

# Output feature importance  as genes that contribute the most to the classification    

procedure 

 

 

 

7. Additional clustering algorithms   

 

7.1 Spectral clustering 

 

   Spectral clustering (Von Luxburg 2007) is an alternative approach for data clustering which 

adopts mathematical concepts from spectral graph theory to cluster the data using a different 

embedding than  in the Euclidean space. This embedding is based on a similarity (possibly 

weighted) graph whose vertices are the data points providing a set of affinity relations between the 

data, which may be more general than the ones that can be expressed by standard distances as for 



example the ones mentioned above; in this viewpoint data points whose distance (in any of the 

above sense) is far, may still be related by some affinity condition. These affinity relations are used 

to create a graph of connectivities between the data, and this graph is the essential object in spectral 

clustering. There are different ways of constructing this graph, such as the ε-neighborhood graph 

where all points whose pairwise distances as smaller than ε are connected, the k- nearest neighbor 

graphs in which vertex (data point) i is connected with vertex (data point) j if j is among the k 

nearest neighbors of i. These graphs can be represented by an affinity matrix with non-zero entries 

between the connected vertices (data points). An interesting variant is the case of fully connected 

graphs where such affinity relations can be weighted in terms of a measure of affinity, with these 

measures for every pair of data point collected in an affinity matrix of the real data, i.e., an 𝑁 ×𝑁 

square matrix, where a cell (𝑖, 𝑗) represents the degree of similarity between a data point 𝑖 and a 

data point 𝑗 and 𝑛 is the number of features. Typical similarity measures for computing the affinity 

matrix 𝑊 include the Gaussian similarity measure 𝑠𝑖𝑗 = 𝑒𝑥𝑝 (
−1

𝜀
||𝑥𝑖 − 𝑥𝑗 ||

2),  where |||| can be the 

Euclidean distance, among others, and 𝜖 > 0, is a suitable parameter. The similarity matrix is 

defined as , since the data points with small distance refer to highly similar ones. The resulting 

graph (weighted or not) carries important information on the connectivity and affinity of the data 

points, for instance if the graph is not fully connected but consists of say 2 disconnected subgraphs 

this is a clear indication of the existence of two distinctive clusters of qualitatively similar data. A 

fruitful way of revealing information concerning the connectivity properties of the data is through 

the matrix representation of the data affinity graph, and in particular, through a related matrix called 

the graph Laplacian and its spectral representation. There are various versions of the graph 

Laplacian, with different interpretations, the unnormalized graph Laplacian 𝐿 = 𝐷 −𝑊 (where D is 

the degree matrix of the graph) or normalized versions such as: 

 𝐿𝑠𝑦𝑚 = (𝐷
1

2)
−1

𝐿 (𝐷
1

2)
−1

  or  which is related to random walks on the graph.The 

spectral properties, i.e., the eigenvalues and eigenvectors of these matrices reveal important 

information concerning the affinity graph, for example the multiplicity of the 0 eigenvector of either 

version of L gives the number of connected components of the graph with the eigenvectors 

delineating the content of the components. This allows partitioning of the Laplacian into block 

form, with the submatrices corresponding to the Laplacian of each of the connected components, 

with their corresponding spectra revealing the substructure of the components. Knowledge of the 

full spectral decomposition of the Laplacian (i.e., all eigenvalues  and 

eigenvectors) allows full reconstruction of the Laplacian matrix with major information concerning 

the matrix encoded in the eigenvectors corresponding to the largest eigenvalues. Spectral clustering 

methods use the full information of the spectral content on the Laplacian, i.e., slightly abusing 

terminology a representation of the data in “spectral space” rather than in standard Euclidean space, 

in combination with standard clustering schemes such as the k-means to reconstruct the most salient 

features of the affinity graph, its connected components and their microstructure. Great applications 

of such mathematical approach allow testing the affinity of the cells from scRNA-seq while 

performing spectral clustering on gene expression per cell (Park and Zhao 2018). 

 

  

7.2 Hierarchical clustering 

  Hierarchical clustering (Sasirekha and Baby 2013) is another widely used method for data 

clustering which does not pre-specify the number of required clusters, but rather chooses the 

number of clusters in terms of a hierarchical process, in which – based upon a predetermined 

dissimilarity measure between disjoint groups of observations – the clusters within each level of the 

hierarchy are created by merging of the clusters determined on the previous or next  level of the 

hierarchy (depending on the choice of scheme). It focuses on the construction of hierarchical data 

models (known as dendrograms) which can be constructed in two different ways either through a 

top-down (divisive – starting at the top and splitting the existing clusters in a pair of new clusters at 

K= {K1 ,K2 ,…, Kc}

silh(K )



the next level) or a bottom-up (agglomerative – at each level merging a selected pair of clusters to a 

single cluster on the next level) approach. The dendrograms share a similar structure with the 

decision trees in supervised learning, including nodes and leaves, as well, where each node 

represents a cluster, and the number of leaves is equal to the number of pre-defined clusters. Thus, 

the depth of the dendrogram depends on the number of pre-defined clusters. Typical distance 

functions (used to model dissimilarity measures) that are deployed towards the partitioning or 

merging of clusters with similar properties in both divisive and agglomerative hierarchical 

clustering approaches, which respectively, include the Mahalanobis distance (McLachlan 1999), the 

Euclidean distance (Mohibullah et al. 2015), and the Manhattan distance (Mohibullah et al. 2015) 

among others. These distance functions are also referred to as linkage functions since they link 

similar clusters. Furthermore, the Mahalanobis distance can be used to detect outliers from a 

distribution, is motivated by the multidimensional normal distribution of zero mean and with 

covariance matrix S and in effect is a weighted Euclidean distance using the inverse covariance 

matrix (or precision matrix) i.e.,   

 

𝑑𝑀(𝑥, 𝑦) = (𝑥 ⋅ 𝑆−1𝑦)
1
2 

                                                      

(16) 

 

  Different distances endow the n-dimensional space that the data reside in with different geometries 

and this geometrical structure may play an important role on the clustering procedure. 

 

7.3 Force directed graphs and its applications in biology 

 

The recent advance in scRNA-seq technology allows to determine the cellular state of each cell 

subpopulation. ML applications have paved the way to predict cell trajectories and determine the 

cellular differentiation and so the evolution of any cell system. To tackle such task, force directed 

graph algorithms have been implemented. These algorithms consider edges as applying forces 

(repulsive or attractive) to nodes thus, edge-weights are applied to define a relation between any 

node and thus to determine cluster structures. A great example of such an approach is GraphDDP 

(Costa et al 2021) . The main idea is first to create an unweighted instant graph G=(V,E) having V 

to be a set of vertices and E the set of edges. A length is assigned to each edge based upon a desired 

distance between the points of the edge. Borrowing the fundamental principles of dynamic particle 

physics where each particle is described with vi=xi,yi coordinates connected by springs of strength 

kij. The layout that will minimise the total energy of the system will be the optimal chosen. The total 

energy of the system is considered as: 

 

                                                        E=                                               (17) 

 

 where  dij is the desired distance between i and j points. The spring strength is defined as kij = 

𝐾 𝑑𝑖𝑗
2⁄ with constant K. The solution to derive the minimum energy can be given as 

𝜃𝑥

𝜃𝛦
=

𝜃𝑦

𝜃𝛦
= 0for 

1 ≤ m ≤ n. To solve this, a two dimensional Newton-Raphson method (Dence, T. 1997) is applied  

which includes only one particle moving from one point to the other while the others particles are 

stable. Optimal-Transport Analysis (Schiebinger et al., 2021 ) is another method which enables to 

learn a relationship between ancestor cells and descendant cells at specific time points. It uses 

stochastic couplings to determine the transitions between time points without strict structural 

constraints. More precisely the optimal-transport calculation assumes that the cell’s future state 

depends only on it’s current position irrelevant of the previous history.  This problem can be 

described as : Let X0 and X1 be the one dimensional Gaussian random variable describing the 

location of a particle at time points 0 and 1. Assuming that the particles or cells can not move very 

far (change the cell state fast), a  γ coupling estimate between X0 and X1 is defined with Eq. 18  as  

silh(K )=
a− b

max(a,b)
,



 

                               

                                                  𝛾 ⇐ 𝑎𝑟𝑔𝑚𝑖𝑛𝜋𝛦𝜋‖𝑋0 − 𝑋1‖
2                                                               

(18)             

 

In general, If the cost for a mass to be transferred from point  x to y is set as c(x,y) then transporting 

an amount of mass from x to y according to a transport plan π (x,y) will result to a total cost that is 

defined via Eq. 19 

 

                                       ∬𝑐 (𝑥, 𝑦)𝜋(𝑥, 𝑦)𝑑𝑥𝑑𝑦where c(x,y) =                                          

(19)  

 

The minimisation of Eq 19 will be the optimal transport principle. 

 

8. Application examples for dimensionality reduction techniques and clustering using real 

data 

 

8.1 UMAP and clustering applications in sc-RNAseq analysis   

 

As it has been examined the advances of scRNA-seq can provide us information of the 

characteristic gene expression per cell type which thus can provide us with specific biomarkers of 

differentiation. A plethora of methods and analysis exist taking advantage of several dimensionality 

reduction techniques such as PCA, t-SNE and UMAP. Spatial transcriptomics in organoids or 

tissues in combination with scRNA-seq (Saviano et al. 2020) can be efficiently used to provide a 

map resolution of the transcriptome. ML techniques can be applied to learn the state of the cells in 

developmental biology (Karaiskos et al. 2017) or senescence from gene expression data for the 

identified cell clusters. Methods such as Viterbi or HMM can be applied to predict the cell state fate 

(McGarvey et al. 2020). In Figure 2 a UMAP clustering of data from a 10x library 

(https://www.10xgenomics.com/resources/library/) for sc-RNA-seq analysis is provided as done 

with Seurat sc-RNAseq analysis suite (Hao et al. 2020). 
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A                                                                  (B) 

https://www.researchgate.net/deref/http%3A%2F%2Fdx.doi.org%2F10.1101%2F2020.06.26.173377


 

 

 

 

 

 

 

 

 

 
 

Figure 2:  Classification of cells from sc-RNAseq on cerebrospinal fluid leukocytes in multiple sclerosis 

(Schafflick et al. 2020). In (A) we can define 9 clusters or 9 subtypes and in (B) the clustering of the genes 

that compose the sub clusters.  

 

                                                        

 
Figure  3:  Expression of identified marker genes in (A) and in (B) the clustering per principal components. 

 

Examples for clustering gene expression data using Python: 

     

    The data processing is based on a multiple sclerosis study from GSE60424 (Linsley et al. 2014). 

(A)                                                                 (B) 



   

   Loading of data: 

  

   Construction of a PCA plot: 

              



   

 

 

 

 

 

 

 

 

Examining the variance: 

 

Construction of tSNE plots: 



 

 

 

 

 

 

 

 

 

 

 

UMAP example: 
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