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Abstract: Multitasking and multioutput neural networks models jointly learn related classification tasks from a shared structure. Hard parameters sharing is a multitasking approach that shares hidden layers between multiple task-specific outputs. The output layers’ weights are essential in transforming aggregated neurons outputs into tasks labels. This paper redirects the multioutput network research to prove that the ensemble of output layers prediction can improve network performance in classifying multi-label classification tasks. The network’s output layers initialized with different weights simulate multiple semi-independent classifiers that can make non-identical label sets predictions for the same instance. The ensemble of a multi-output neural network that learns to classify the same multi-label classification task per output layer can outperform an individual output layer neural network. We propose an ensemble strategy of output layers components in the multi-output neural network for multi-label classification (ENSOCOM). The baseline and proposed models are selected based on the size of the hidden layer and the number of output layers to evaluate the proposed method comprehensively. The ENSOCOM method improved the performance of the neural networks on five different multi-label datasets based on several evaluation metrics. The methods presented in this work can substitute the standard labels representation and predictions generation of any neural network.
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1  Introduction

Accelerating advances in intelligent computer modeling promoted their adoption as solutions to complex tasks. Classification problems that traditional single and multiclass intelligent models cannot address are handled with task-oriented learning techniques. In classification tasks, the ensemble methods are often referred to as multiple classifier systems that combine the prediction of the multiple learners to improve performance and robustness. One clear advantage of the multiple classifiers systems over the individual classifier is reducing the variance [1], which improves the collection of models’ predictive accuracy.

Ensemble learning is considered homogeneous when all the base classifiers are of the same type; neural network ensemble only consists of neural networks. Homogeneous ensemble learning methods can be categorized into two general categories known as bagging and boosting. The classifiers in Bagging methods learn in parallel, whereas the boosting methods classifier learns sequentially. The classifiers’ predictions are combined based on a fusion strategy. However, the current neural networks ensemble methods require building multiple neural network models. In practice, compiling and running the multiple neural network models is often sequential.

Neural networks architecture is adjustable and can be modified depending on classification tasks and datasets. The flexibility of deep neural networks enabled researchers to design novel architectures suited for a wide range of classification applications. Multi-output neural networks provide the ability to perform multiple tasks simultaneously [2]. The need for models that maps between a single input to multiple outputs is emerging in many fields [3,4]. The outputs might represent various tasks or data types [5]. Multi-label classification is one of the domains that benefited from multioutput neural networks [6].

Unlike multiclass and single classification, instances in multi-label classification can be labeled with one or more classes. The Input features are mapped to a non-fixed number of overlapping classes for each instance, making the learning process more complicated. Assuming the input space is represented by X, which are instances of the multi-label dataset D. The attributes extracted from the dataset D are denoted as A, and all possible labels for D instances X as L. Moreover, the output space is represented as Y. Hence, the dataset instances and attributes association is represented as X∈A1×A2×…×Af. The end of the range f is the number of input attributes in the entire set. Only a subset of the attributes is associated with an instance Xi in the dataset D. Every possible combination of labels from the L set is called a label powerset P(L). The count of l in the L set is the absolute value of L, k=|L|. The dataset D consists of all instance’s attributes and all possible label combinations A1×A2×…×Af×P(L).

This work combines three concepts, multi-label, multioutput, and ensemble learning, to construct and improve the performance of a neural network. Each output layer is dedicated to predicting a single class label in the conventional multioutput neural network for multi-label classification. We extend the traditional approaches of classifying multi-label data in neural networks by restructuring the label representation in the output layers. Output layer-based classifiers create multiple end paths within the neural network with different initialized weights and backpropagation. Therefore, the proposed method can make multiple predictions using a single neural network for the same instance. Other neural network ensemble methods require several neural networks to be built and run separately. We are unaware of previous studies that utilized a single neural network to learn different outcomes for the same output. The purpose of this work is to test the ability of the ENSOCOM method to outperform the results of a neural network for multi-label classification. In order to limit the influence of the neural networks factors on the models’ outcomes, a shallow multilayer perceptron (MLP) is used for the baseline and ENSOCOM models. However, the proposed methodology can extend any neural network by restructuring its final layer. The construction of this paper is summarized as follows:

•   We developed a methodology to construct multiple classifiers from a single multi-output neural network. The set of classifiers can be trained simultaneously without recompiling.

•   We designed a strategy to select the best model for each output-based classifier in the neural network.

•   We introduced an ensembling method that mitigates the effect of data imbalance in multi-label classification.

•   The proposed models outperformed the baselines in multi-label classification problems based on several evaluation metrics.

The rest of the paper is organized as follows: In Section 2, works related to the ensemble of multi-label classification are briefly discussed and reviewed. Details on the design and specifications of the proposed work are presented in Section 3. Statistical information and a brief review of the datasets are listed in Section 4. In Section 5, experiments and results are illustrated to evaluate the performance of the proposed method. The future work and conclusions of the paper are discussed in Section 6.

2  Related Work

Problem transformation learning techniques reduce multi-label classification complexity by converting labels to a more straightforward form. Binary Relevance (BR) is one of the earliest transformation methods that assign a classifier to each label [7,8]. In traditional supervised learning settings, classifiers learn to map between a feature set and a class or an object, as in text [9,10], and image classification problems [11] or object detection [12], which is often represented by a single exclusive label for each instance. For multi-label problems, BR imitates the traditional approaches by assigning a classifier for each label that predicts the label’s presence or absence for all unseen examples. One of the drawbacks of BR is the lack of correlation among instance labels, which might influence the models’ prediction performance [13]. Therefore, multiple research papers proposed an extension to BR that includes label correlation in the learning process. One of the most popular approaches to provide correlation capabilities to BR methods is Classifiers Chain (CC) [14,15]. CC technique builds a chain of classifiers that predict single label association to an instance via passing the classifier’s feature space to the following one. Sharing the feature space to the subsequent classifier mitigates label independence issues in the traditional BR method. However, CC performance is highly susceptible to the order of classifiers in the chain because label information sharing occurs between adjacent classifiers. One way to improve CC is by Ensemble Classifier Chains (ECC), which sums the votes generated by a randomly structured CC to limit the effect of classifiers’ order in the chains.

Label Powerset (LP) is another approach that reduces data labels entanglement and enables the correlation of multi-label data by combining the associated set of labels into a single atomic label [16,17]. The combination of labels allows for treating the multi-label problem as a standard multiclass classification. Since every unique combination of labels is considered a single label, as a result, there might be many newly constructed classes. The number of classes will vary depending on the dataset. One can train the classifier on the most relevant labels by pruning the less important ones [18].

On the other hand, some learning approaches adapted to the multi-label problem by extending the existing algorithm that worked with the standard multiclassification task to a suitable one. For instance, a variation of the K-nearest neighbor algorithm (ML-KNN) [19] determines the training set’s K-nearest neighbors. The maximum a posteriori (MAP) principle identifies labels associated with each unseen instance based on statistical information obtained from neighbors’ label sets. Similarly, a well-known algorithm for multiclass classification, decision trees effectively predict hierarchal multi-label instances without label transformation [20]. Labels in hierarchal multi-label data [21] are structured to organize the label set associated with an instance into parents and children labels, assuming label dependency. Some other approaches rely on optimizing classifiers, such as SVM, to better fit algorithm parameters on multi-label data by using a label ranking method based on a cost function [22].

Customizability is one of the deep neural networks features that provided solutions to a diverse multi-label application. Deep neural networks are apt to implement problem transformation and adaptation techniques. A learning network with a single RNN layer was trained to predict the labels of several multi-label datasets [23]. The experiment showed that the adapted version of the neural network outperformed several multi-label learning techniques, including a variation of the RNN network that implemented the classifiers chain method.

A shallow Multilayer Perceptron with a single layer and a deep one with two layers was trained on patients’ examination records to detect chronic diseases, such as diabetes and hypertension [24]. The records are labeled with zero or more diseases totaling eight unique classes. The authors used several traditional classifiers and the multilayer perceptron network to learn from the original multi-label sets and the unique set (LP). The paper showed that the deep neural networks reported higher accuracy than other classifiers but lower F1-score on multi-label sets. Bidirectional RNN with attention mechanism neural networks was employed to predict the labels of three biomedical text datasets in [25]. The proposed framework had two outputs, one for the number of labels associated with the instance and the second for the labels set. The authors claimed that their proposed method is favorable compared to other deep neural network frameworks and BR. Besides emphasizing the neural networks themselves, the Hierarchical Label Set Expansion method introduced in [26] added more complexity to the multi-label data by expanding the label sets. The approach is suitable for hierarchal multi-label datasets since it finds missing labels between descendants and ancestors to append to the labels set.

Due to the difficulty in handling multi-label classification problems, the ensembled methods that use deep neural networks are considered promising solutions. For example, the ensemble of classifiers for multi-label classification has applications in video object recognition. One proposed using the ensemble of two deep neural networks, GoogleLeNet and VGGNet, to detect surgical tools in laparoscopic videos [27]. Before learning the network, the surgical tools labels were combined into a single label. The two neural networks’ outputs were averaged to compute the final prediction. The ensemble method outperforms the paper’s other baselines based on the mean accuracy precision metric.

The use of the ensemble of five different neural network frameworks to predict tweets’ labels is presented in [28]. The comparison was made between two ensemble approaches, namely stacked and weighted. A stacked ensemble of the five classifiers was conducted by concatenating the output of all models before passing it into two fully connected layers. The weighted ensemble sums the product of a tensor, the neural networks models output, over a single axis to construct a one-dimensional vector representing a tweet’s labels. The paper reported that the weighted ensemble approach performed slightly better than the stacked one.

3  Methodology

3.1 Single and Multi-Output Deep Neural Networks

Changes are made to the conventional DNN structure to adapt to MLC problems that expect each sample in the dataset to be marked with one or more labels. As seen in Fig. 1, two general approaches represent multiple labels at the network’s end. The first approach is to approximate the problem of MLC in DNN by creating multiple output layers equal to the number of all possible labels of a dataset. In the standard multioutput neural network for MLC, each output layer has a single neuron that takes the inputs from the proceeding layer. The neuron sums the dot product of inputs and their corresponding weights, which is often computed by matrix manipulation.
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Figure 1: Single vs. multi-output neural networks for multilabel classification

In most cases, the weights in the network layers are trainable to determine the influence or importance of input values of the neurons. Classes are exclusive in binary and multiclass classification problems so that any given instance will be labeled with one class. Every output layer in the standard multioutput neural networks for MLC acts similarly to the output layer of a single classification network. The outcomes returned by the output layers’ neurons are separately passed into an activation function.

The activation function produces a score representing confidence degree that predicts the label presence or absence in an instance. In other words, the expected output of the activation function after thresholding is either 0 or 1. The simplest thresholding method is scaling down values less than 0.5 to 0 and higher ones to 1. Sigmoid function has this property that squash neurons output to produce a floating-point number. However, it is worth noting that there is another way to conduct binary classification problems in DNN. It is possible to perform binary classification problems with two neurons in the output layer instead of one.

The Sigmoid function will not be appropriate for standard multiple-output networks with two neurons in the output layer. It can be done by a well-known activation function that measures the probability of a class belonging to an instance, namely SoftMax. Each output layer passes its outcome to the SoftMax function that produces a probability distribution over all the possible classes. The sum of the probability distribution generated by the SoftMax activation function equals 1. The class that received the highest probability among the output components is designated as the prediction of that output. The SoftMax function for binary and multiclass classification is mathematically defined as follows:

σ(zi)=ezi∑j=1K⁡ezjfori=1,2,…,K(1)

However, assigning a separate output layer for each unique class is challenging to manage. The second approach that DNN can take to perform MLC tasks, Fig. 1, is by limiting the number of outputs in the DNN to a single output layer with multiple neurons equal to the number of unique labels in the dataset. Correspondingly, the output layer has a single vector with multiple components that allocates all possible classes. This approach requires an activation function that measures the degree of confidence for every class independently. The sigmoid activation function is known by its ability to produce a score for all the possible labels with values ranging between 0 and 1 independently. The sigmoid function is defined as:

σ(z)=11+e−z(2)

The main difference between the multioutput and single output DNN for multi-label classification is that the loss is optimized over each output layer in the multi-output neural network, one output layer per class. While in a single output layer neural network, the loss optimization is done for each output component, one class per component. Nonetheless, both are valid approaches and are widely used in practice.

3.2 Ensemble of Output Components in Multioutput Neural Network

This paper proposes another approach that takes advantage of DNN flexibility in specifying the number of output layers. The ensemble of outputs’ components of multioutput neural networks (ENSOCOM) combines some properties of the single output and multi-output neural network for MLC to improve its performance. Before going into the details of the ENSOCOM framework, we will briefly highlight the learning process of DNN.

Deep Neural networks are a collection of neurons organized and grouped in multiple layers. A neural network with a single hidden layer is often referred to as a shallow neural network. In multiple layers neural networks, upper layers are often used to extract features from the dataset, and the lower ones are fully connected layers. All neurons or nodes are connected to the preceding and posterior layers in the fully-connected networks, hence the name. Neurons aggregate the incoming connections from the previous layer and apply an activation function. Several well-documented activation functions in the literature for intermediate layers improve the network’s ability to learn complex patterns. The connections between neurons edges and bias vector are the learnable parameters of neural networks, also known as weights W. These weights are updated in the training phase to map input space attributes to a label or a subset of all possible labels. The connection between two layers can be mathematically defined as follows:

aji=σ(∑k⁡wjki⋅aka - 1+bji)(3)

where aji is the result of the activation function σ by the neuron j in layer i. wjki are the weights from the neuron k in the previous layer to j neuron in the current layer. Finally, bji is the bias for the j neuron in the current layer i.

The final layer in the network is an output layer that makes predictions based on all learnable parameters’ values. The network’s performance is measured by a cost function that considers neural network weights W, biases B, the input of an instance Sr and the expected output of the training instance Er. The cost function can be expressed as:

C(W,B,Sr,Er)(4)

The cost of function for predicting a training instance is used to find the error of the output layer δ as in the following equation:

δjL=∂C∂ajLσ′⁡(aji)(5)

In backpropagation, the weights are updated according to a gradient descent optimizer to minimize the error of the cost function. Therefore, a gradient measures the relationship between changes made to the network weights concerning the network error.

The initialized weights are essential in network optimization since they are considered the starting point for reaching the global optimum [29]. Although the weights are initialized before the actual learning starts, it impacts the final outputs of the network. Therefore, several weights initialization mechanisms can be seen in the literature. Zero initialization is one of the simplest initialization methods, where all weights are set to zeros. However, initializing weights with zeros will result in layers receiving the exact update and preventing the network from learning different functions at each neuron. Initializing weights with different values will break the symmetry of neurons located in the same layer with identical inputs and activation functions. While there are multiple weights initialization approaches, we are interested in weights initialized from a random distribution.

As with any layer, the output layer of the deep neural network also has trainable weights. The output layer weights are the first to be updated in the backpropagation phase. Fig. 2 illustrates the lower end of the network of the proposed framework that ensembles the multi-output neural network’s output components (ENSOCOM).
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Figure 2: Ensemble of output layers components

ENSOCOM is a neural network with a multioutput layer. Each one of the output layers has the same number of neurons that represent classes in the multi-label set. The output layers are identical regarding their inputs, activation functions, and expected outputs. However, the weights for all output layers are initialized separately and are not the same. Hence, the output layers will have distinct predictions and costs in the first iteration of the forward propagation. Since the updates made to the output layers differ depending on their cost function, the starting point for finding the global optimum is not identical for the output layers. The more the network is updated in every iteration, the closer each output layer gets to the global optimum. Because the output layers are initialized with different weights, their outcomes will differ. We argue that ENSOCOM will search for different paths to minimize the error for each output layer, resulting in learning more patterns.

ENSOCOM enables the network to make multiple predictions for the same class without constructing additional networks. Since the output layers in ENSOCOM makes predictions regarding all the possible labels in a component set, the Sigmoid function is employed in each output layer. The Sigmoid function will take inputs and independently produce a confidence degree for each component in the output layer. As we have said before, the predictions made for each corresponding component across output layers are not necessarily the same. In other words, ENSOCOM constructs multiple prediction models, which share the same input and hidden layer from a single neural network. Pseudocode 1 illustrates the entirety of the proposed ENSOCOM methodology.

The neural network will iterate over training examples during the training phase to improve the network accuracy and minimize the error rate. Network performance on the training set is not a good indicator of the model’s ability to accurately predict unseen data’s label. After each epoch, the model is evaluated on unseen examples, also known as a validation set. In single output layer neural networks, the model that performed the best on the validation set is often selected for evaluation on the testing set. The same concept can be applied to multioutput neural networks by choosing the best-performed model on the validation set for every output layer. The weights of the prediction model will be saved if the output layer performance on the validation set on the current epoch is better than the previous ones. The best model selection process is independent and only considers the accuracy of a single output layer at the time. A group of best-fitted models on the validation set will be created by the end of the training phase. It is worth mentioning that the best models for the output layers do not have to be from the same epoch. In other words, the model weights will be saved for every output layer separately regardless of the epoch. The final number of models saved weights equals the number of output layers in the neural network. The best model-saved weights are associated with the corresponding output, and they will be used later in the testing phase.

In the testing phase, one can loop through the models’ saved weights and load them to the neural network architecture. As seen in Algorithm1, each output layer is considered an independent classifier for classifying multi-labeled instances. The saved weights associated with the output layer are loaded to the neural network. The entire network, including all the output layers, is set with the saved weights to predict the instances in the testing set. The predictions made with the output layer associated with the saved weights are used in the ensemble phase; predictions made by the other output layers are discarded. The exact process is repeated for all the output layers (classifiers). The outcome of the whole procedure is a multidimensional array of predictions made by the classifiers. The size of the multidimensional array is (Len(OL,Len(X),Len(L)), which are the length output layers, instances, and all possible labels set, respectively.

[image: images]

Now that we have multiple prediction sets for the same class per instance, we must determine the final prediction set. Labels in classification problems are represented as predefined values known as categorical or nominal data. The categorical data could be strings or integer numbers, limiting the learning process. The number of classes is not identical for all instances in the multi-label classification. However, having different number label sets for each instance raises some implementation difficulties. Therefore, the label sets for every instance are represented by a binary vector that indicates a label’s presence and absence. The collection of label sets associated with all instances in the dataset is a (X,L) binary matrix.

The multidimensional array that consists of all predictions made by the best model per output layer is used in the ensemble process. Fig. 3 shows a snapshot of the ensemble process for a single instance, where multiple predictions are transformed into binary vectors form. Each component in the output layers vector is converted to a 0 or 1. Bitwise OR operation is applied on all the corresponding components generated by the output-based models. This strategy focuses on capturing the positive labels predicted by the model while ignoring the negative ones. One clear advantage of this approach is limiting the data imbalance problem in multi-label classification by giving labels with low representation in the dataset a better chance of getting detected. Also, the more significant is the number of the output layers (classifiers), the higher are the chances that some output-based models might detect patterns not seen by the other models. Of course, one clear drawback of this fusion technique is increasing the false positive rate.
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Figure 3: Fusion of multiple predictions by OR operation for a multilabel instance

4  Datasets

Five datasets are selected from various domains to represent multi-label classification problems better. The datasets are well-cited standardized with stratified training and testing sets. The domains covered in the datasets are domains texts, biology, and images, as shown in Tab. 1. The Table shows several statistics concerning the selected dataset, such as instances and labels numbers. All the datasets discussed and experimented on in this paper were initially published on MULAN [30], an open-source data repository that supports java learning from multi-label datasets.
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The models’ performance of the multi-label classification tasks can be measured in accuracy and speed. Therefore, the Scikit-multilearn repository introduced Python compatibility for easier access and manipulation. A more significant number of instances provides classifiers with more information that can help to identify patterns between the feature space and the labels. Nominal attributes often represent names or categories related to the instance. Zipcodes, gender, or hair color are examples of nominal attributes. The numerical attributes in the datasets have values that can be measured. One can assume that the larger is the number of the labels, the more difficult it is to find all labels associated with an instance. Cardinality is another information in the dataset statistics table that indicates the average number of labels per instance. In addition, density is measured by dividing cardinality by the number of labels. Finally, distinct is the number of unique labels combination in the dataset.

The datasets are generalized, meaning all features are already extracted and ready for training without preprocessing. The following is a brief description of each one of the datasets. BibTeX [31] is one of the most recognized text datasets for multi-label classification. An instance in a BibTeX contains bibliography items associated with articles, books, or thesis. The BibTeX dataset was constructed by collecting items tagged in users’ submissions to Bibsonomy, a publication sharing system. The main application of the BibTeX dataset is to support a recommender system that automatically identifies tags of unseen BibTeX instances. Tab. 1 shows that BibTeX has the highest number of labels, distinct label sets, and features compared to other datasets.

The second dataset, Genbase [32], belongs to the biology domain, which contains protein sequences with classes representing protein families. The protein sequence can belong to one or more protein family classes. It has the lowest number of instances and features among the other multi-label classification datasets. On the other hand, the Medical dataset [33] is anonymized clinical text collected from Cincinnati Children’s Hospital Medical Center’s Department of Radiology. The clinical texts represent radiology reports that include ICD-9-CM codes assignments that indicate clinical history and radiologists’ impressions. Except for the Genbase dataset, the Medical dataset has fewer instances than the other three but has a relatively high number of features and labels.

In addition to the previous datasets, the Scene dataset [34] includes natural scenes images labeled with classes such as beach and sunset. The Scene dataset has the lowest number of multi-label and distinct label sets. Finally, the Yeast dataset [22] is constructed by micro-array expression data and phylogenetic profiles representing the gene set. Functionality classes, such as metabolism, and aging, are assigned for each yeast gene. As shown in Tab. 1, genes can be associated with many functionality classes, resulting in high cardinality and density values.

5  Results and Discussion

5.1 Neural Network Architectures and Experiments Setup

Deep neural networks are categorized into multiple types based on their architectures and tasks. The dominant types of DNN are Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and Artificial Neural Networks (ANN), also known as FeedForward Neural Networks. CNN is suited for features engineering and extraction from images, texts, and audio. On the other hand, RNN is often associated with learning that requires time series or specific sequenced data. Multilayer Perceptron (MLP) are purely made by fully-connected layers, a special class of FeedForward Neural Networks. Fully-connected layers are the building blocks of MLP, and they are placed at the lower end of CNN and RNN. The multi-label datasets we are experimenting on are generalized and standardized for competitive benchmarking. Since the proposed methodology objective is to reconstruct the final layer of the neural networks, we employ multiple variations of shallow MLP networks to control the experiment environment efficiently. The proposed methodology is extendable to any neural network architecture for multi-label classification.

The information flow in the FeedForward neural networks is always forward with no feedback connections; otherwise, it will be considered RNN. The classifier maps xi instance to the predefined categories yi by learning the best possible values of the parameters θ, which can be represented by yi=f(xi;θ). Tab. 2 shows the entirety of the models built for the experiments with the number of parameters. The baseline models have three layers, an input, a hidden, and an output layer. The other models have single input, hidden, and multioutput layers. The number of neurons is 200, 300, 400, or 500 in the hidden layer of the baseline models and the models that implement the proposed methodology. To evaluate the proposed methodology’s effectiveness in improving the MLP network performance on multi-label classification problems, we set the number of the output layers to 4, 8, 16, and 20 output layers. We implemented 20 neural network models, 4 of which are baseline models, and the remaining 16 models are multi-output neural networks.
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The number of trainable parameters steadily increases whenever we add output layers to the neural network Tab. 2. The trainable parameters for a single output layer and 20 output layers increased by 60%, 30%, 36%, 27%, and 69% for BibTeX, Genbase, Medical, Scene, and Yeast datasets, respectively. The difference in the increment percentage between different datasets is attributed to the number of labels, cardinality, distinct, and other dataset characteristics.

The output of the hidden layer is transformed using a rectified linear activation function (ReLU) to achieve non-linearity in the mapping between inputs and outputs. The hidden layer and the output layers weights are initialized using a Glorot uniform initializer that picks samples from a uniform distribution within a predefined range. Although the samples were drawn randomly, seeds are assigned for the random number generators in the global session, programming language virtual environment, and external libraries to enable experiments reproducibility. Adam is used as an optimization algorithm with the following settings, a learning rate of 0.001, the first exponential decay rate is set 0.9, and the second exponential decay rate to 0.9. Binary Cross-entropy is the loss function for every component in the output layers with binary accuracy as an evaluation metric in training. The number of training epochs is 300, with batch size set to 128. Finally, 10% of the training set is used for validation in the training process.

5.2 Evaluation Metrics

Unlike single class and multiclass classification, evaluating multi-label classification models is not straightforward. Most of the multi-label datasets are imbalanced, invalidating the reliability of traditional accuracy as an evaluation metric. Several evaluation metrics for multi-label classification measure the performance of the classification models. The following is a list of metrics used in this work with a brief description.

•   Weighted F1-Measure: The standard F1-measure is often described as the harmonic mean of precision and recall. Precision can be obtained by dividing the number of true positives (TP) predicted by the model by all the instances marked as positive, which include the false positives (FP).

Precision=TPTP+FP(6)

On the other hand, recall is the number of true positives predicted by the model divided by the number of positive instances that the model should have predicted.

Recall=TPTP+FN(7)

The weighted F1-Measure differs from the standard F1-measure by giving weights to each class in the dataset equal to class probability. The classes with more instances receive higher weights than those with fewer instances.

F1=2∗Precision∗RecallPrecision+Recall=2∗TP2∗TP+FP+FN(8)

•   Micro-F1 Measure: In micro F1-measure, all the true positives, false positives, and false negatives are computed globally regardless of the classes. Then the micro-precision and micro-recall are calculated based on the micro TP, FP, and FN. Finally, the Micro F1-Measure is obtained by finding the harmonic mean of the micro-precision and recall. The micro F1-Measure is a better evaluation metric for multi-label classification than weighted F1-Measure since it treats all instances equally.

TPMicro=∑i=1N⁡TPli,FPMicro=∑i=1N⁡FPli,FNMicro=∑i=1N⁡FNli(9)

•   Macro-F1 Measure: Macro-F1 Measure does not consider data imbalance because it equally treats all the classes in the datasets. The macro TP, FP, and FN are computed for each class. This approach will favor classes with more examples in the dataset since the classifier will most likely be skewed towards them.

F1Macro=∑i=1N⁡F1liN(10)

•   Samples-F1 Measure: This metric is one of the better evaluation metrics among the other variations of the F1 measures. Samples-F1 Measure is computed by averaging the TPs, FPs, and FPs of each instance, which is very helpful in evaluating the performance classifiers on multi-label classification problems.

•   Subset Accuracy (Exact Matching Ration): Subset Accuracy is calculated by dividing the number of instances that have been correctly predicted for all the class labels in the labels set over the total number of instances. While Subset accuracy is a good metric for evaluating the classifier’s ability to identify the exact instances’ classes, it disregards the correct labels within the label set of the other instances.

•   Hamming Loss: Hamming loss counts for the misclassified labeled within the instance label set. It computes the exclusive-or of the predicted labels set and instance true label set Yi,l⊕Xi,l to derive the loss of that instance. The hamming loss is the total mislabels divided by the total number of labels.

HammingLoss=1NL∑l=1L⁡∑i=1N⁡Yi,l⊕Xi,l(11)

•   Ranking Loss: Ranking loss is the percentage of incorrectly ordered classes to correctly ordered classes. The lower is the ranking loss of a classifier, the better it is. The ground truth of the binary matrix of the ordered labels is defined as y∈{0,1}ninstances∗nclasses. Each class is associated with a score donated as f^∈{R}ninstances∗nclasses. The ranking loss can be expressed as follows:

RankingLoss(y,f^)=1Ninstances∑i=0Ninstances1∥yi∥0(nclasses−∥yi∥0)∣R(xi)∣(12)

where ∥ . ∥0 is the l0 normalization and R(xi)={(k,l):fik^≤fil^,yik=1,yil=0} is the cardinality of the set.

5.3 Experiments Results

We examine the performance of the 20 intelligent models in classifying the labels of 5 multi-label classification datasets. As seen in Figs. 4–8, the models behaved differently on BibTeX, Genbase, Medical, Scene, and Yeast datasets. We selected four evaluation metrics out of the seven metrics included in this work to be plotted in the figures for simplicity and clarity. Weighted-F1 Measure, Subset Accuracy, Hamming Loss, and Ranking Loss are the selected evaluation metrics. At some point, the ENSOCOM models outperformed those with a single output layer for all the datasets. Sometimes models with the same number of output layers and hidden layer size improved on some metrics, but not all.
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Figure 4: Shows the evaluation of multiple variations of ENSOCOM models in comparison to single-output network models based on W-F1↑, Sub-Acc↑, Ham-Loss↓, Rank-Loss↓ metrics for the BibTeX dataset
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Figure 5: Shows the evaluation of multiple variations of ENSOCOM models on the Genbase dataset
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Figure 6: Shows the evaluation of multiple variations of ENSOCOM models on the Medical dataset
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Figure 7: Shows the evaluation of multiple variations of ENSOCOM models on the scene dataset
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Figure 8: Shows the evaluation of multiple variations of ENSOCOM models on the yeast dataset

Fig. 4 shows that the multioutput models achieved better scores on the BibTeX dataset depending on the number of output layers. For instance, The best weighted-F1 score for networks with 100 and 500 neurons in the hidden layer was with 16 output layers. The models with 300 and 400 neurons in the hidden layer reported their highest W-F1 score with 20 output layers. Models with fewer neurons in the hidden layer had better Subset Accuracy with more output layers. The improvement of models in terms of their Hamming Loss score is much more evident than the previous two metrics; all the ENSOCOM models reported better Hamming Loss than the single output mode. Similar to Weighted-F1, fewer neurons need more outputs to outperform the single output model to improve the Ranking Loss metric. Tab. 3 shows the mean of all the evaluation metrics achieved by the ENSOCOM models to evaluate the proposed methodology better. By comparing the single output performance to the mean of the results obtained from the ENSOCOM models, we found that ENSOCOM models with 16 output layers outperformed other models on all metrics except for Ranking Loss.

[image: images]

The performance of the ENSOCOM models is better recognized on the Genbase dataset. The single output layer never outperformed the ENSOCOM models on any evaluation metric regardless of the number of output layers, as illustrated in Fig. 5. The difference between the ENSOCOM models and single output models’ performance becomes apparent in Tab. 4. The Table shows that the ENSOCOM model with 500 hidden layer neurons reported the highest scores for all evaluation metrics.

The size of the hidden layer and the number of output layers impact the performance of the ENSOCOM models on the Medical dataset. Models with larger hidden layer sizes are better than the low ones. We can see a tradeoff between the Weighted-F1 Measure and Hamming Loss evaluation metric, where the ENSOCOM models reported better loss and lower F1-score than the single output model Fig. 6. However, the overall performance of ENSOCOM models with 500 neurons in the hidden layers outperformed the baseline models Tab. 5. Moreover, the ENSOCOM model variations outperformed all the Scene dataset baseline models, see Fig. 7. The difference between the baseline models’ performance and the proposed small-sized models is more significant than the larger ones. However, models with more neurons in the hidden layer showed the potential for improvement with more output layers. Unlike the previous datasets, the best overall performance of the ENSOCOM models was not limited to models with a high number of neurons Tab. 6. The same applied to the performance of the ENSOCOM models on the Yeast dataset Fig. 8 and Tab. 7. Hence, the two datasets do not need models with many output layers for most evaluation metrics. We further validated the proposed method’s performance by computing the Paired t-Test to compare the means of the results obtained by single output and ENSOCOM models on all the datasets. The P-value of the paired t-test is 8.882e−15, which means the null hypothesis is rejected, and the improvement of the ENSOCOM over single output models is statistically significant.
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The previous experiments proved that ENSOCOM network models are better than traditional ones. On some datasets, the degree of improvement is more significant than the others. To study the reasons behind this, we conduct a correlation analysis between the degree of improvements of all ENSOCOM models with datasets cardinality, density, and distinct. We used two correlation algorithms known as Spearman’s rank correlation and Pearson correlation. Tab. 8 shows correlations coefficients between evaluation metrics and the size of hidden layers in the ENSOCOM. There is no clear pattern for both coefficients over hidden layer size variations. The correlation coefficients for the loss metrics are more consistent over different network models than the Weighted-F1 and Subset Accuracy.

[image: images]

Spearman’s rank and Pearson agree on the negative relationship between dataset distinct and Weight-F1. The higher the number of distinct labels in the dataset, the lower the Weighted-F1. Moreover, Subset Accuracy suffers from the same problem, and it is highly affected by the number of distinct labels in the multi-label datasets. On the other hand, high dataset density result is in better Subset Accuracy, so both move in the same direction. While density has a negative relationship with Hamming Loss and Ranking Loss, it is beneficial since the lower the loss, the better model. Also, Pearson consistently reports a significantly negative relationship between cardinality and Hamming Loss. Spearman’s rank agrees with Pearson on the negativity of the relationship between cardinality and Hamming Loss, but not with high confidence.

6  Conclusion

ENSOCOM proved that the ensemble of multiple output layer-based classifiers with the same hidden layer reported better results than the conventional single output layer neural networks. By experimenting with various multi-label data domains, the ENSOCOM improved the network’s predictions performance regardless of the data type. We found that the optimal number of output layers and hidden layer sizes are data-dependent and not generalized. The change in the number of parameters from single to multioutput layers is also dependent on the dataset statistical characteristics. There are still many research directions to explore the applications more applications for ENSOCOM. The proposed method can be incorporated into more complex deep neural networks for better evaluation.
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Table 1: Multilabel datasets

Dataset Domain Instance Nominal Numeric Labels Cardinality Density Distinct

BibTeX  text 7395 1836 0 159 2.402 0.015 2856
Genbase biology 662 1186 0 27 1.252 0.046 32
Medical  text 978 1449 0 45 1.245 0.028 94
Scene image 2407 0 294 6 1.074 0.179 15

Yeast biology 2417 0 103 14 4.237 0.303 198
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Table 3: Illustrates a comprehensive evaluation of the ENOSOCOM and single network models over
hidden layer sizes on the BibTeX dataset

Layer size Outputs W-F14 Mic-F114 Mac-F11 S-F114 Sub-acct Ham-loss| Rank-loss]

200 Single 0.37538 0.42033 0.28772 0.3793 0.15984 0.013656  0.63896
Multi-mean 0.37786 0.43594 0.2861 0.37698 0.16003 0.01298 0.63955

300 Single 0.37168 0.41884 0.28427 0.37774 0.16341 0.01357 0.64316
Multi-mean 0.35111 0.41785 0.25304 0.35673 0.15387  0.01288 0.66531

400 Single 0.37297 0.42248 0.28873  0.38055 0.16501  0.01335 0.64115
Multi-mean 0.38963 0.44626 0.30081 0.39061 0.17028 0.01279 0.62877

500 Single 0.37141 0.42068 0.28503  0.37858 0.16382  0.01333 0.6442
Multi-mean 0.38769 0.44482 0.29748  0.38911 0.17027 0.01276 0.63117
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Table 8: Spearman Rank and Pearson Correlation values of Card., Dens., and Dist. to ENSOCOM
models’ metrics

L. Size 200 300 400 500

Corr. Spearman  Pearson Spearman  Pearson Spearman  Pearson Spearman  Pearson

W-F1 Card.:0.1 Card.:-0.09  Card.:0.3 Card..0.47 Card.:-0.3 Card.:-0.88 Card.:-0.1 Card.:-0.22
Dens.: 0.7 Dens.:0.11 Dens.:0.9 Dens.:0.75 Dens.:-0.9  Dens.:-0.92  Dens.:-0.7  Dens.:-0.5
Dist.:-0.5 Dist.:-0.55 Dist.:-0.3 Dist.:-0.58 Dist.:0.2 Dist.:0.25 Dist.:0.5 Dist.:0.72

Sub-Acc Card.:-0.3 Card.:-0.28 Card.:0.1 Card.:-0.13  Card.:-0.3 Card.:.-0.88 Card.:-0.1  Card.:-0.1
Dens.:0.6 Dens.:0.12 Dens.:0.7 Dens.:0.08 Dens.:-0.9 Dens.:-0.91  Dens.:-0.7  Dens.:-0.47
Dist.:-0.8 Dist.:-0.75 Dist.:-0.5 Dist.:-0.61 Dist.:0.2 Dist.:0.25 Dist.:0.5 Dist.:0.79

Ham-Loss  Card.:-0.2 Card.:-0.29 Card.:-0.1 Card.:0.29 Card.:.-0.4 Card.:-0.88 Card.:-0.5 Card.:-0.44
Dens.:0.1 Dens.:-0.06  Dens.:0.8 Dens.:0.7 Dens.:-0.7 Dens.:-0.92 Dens.:-0.8  Dens.:-0.61
Dist.:-0.5 Dist.:-0.11 Dist.:-0.5 Dist.:-0.3 Dist.:-0.1 Dist.:0.24 Dist.:0.1 Dist.:0.4

Rank-Loss Card.:-0.2 Card.:-0.38 Card.:0.1 Card.:-0.07 Card.:.-0.3 Card.:-0.89 Card.:-0.3 Card.:-0.24
Dens.:0.1 Dens.:-0.25  Dens.:0.7 Dens.:0.14 Dens.:-0.9  Dens.:-0.91 Dens.:-0.6  Dens.:-0.39
Dist.:-0.5 Dist.:-0.2 Dist.:-0.5 Dist.:-0.56 Dist.:0.2 Dist.:0.24 Dist.:0.3 Dist.:0.48
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Table 6: Comprehensive evaluation of baseline and EMSOCOM models on the Scene dataset

Layer size Outputs W-F114 Mic-F11 Mac-F11 S-F114 Sub-Acct Ham-Loss| Rank-Loss|

200 Single 0.70359 0.70916 0.7103  0.67405 0.58361  0.10047 0.32623
Multi-mean 0.72202 0.72799 0.72972  0.70454 0.6064 0.09598 0.29407

300 Single 0.70371 0.71124 0.70983  0.67921 0.59365  0.09992 0.32161
Multi-mean 0.72257 0.72893 0.73142  0.70579 0.60222  0.09612 0.29185

400 Single 0.70092 0.70947 0.7077  0.66834 0.5811 0.09964 0.33165
Multi-mean 0.72577 0.72618 0.72887  0.69659 0.6041 0.09518 0.30338

500 Single 0.7056 0.71261 0.71214 0.67691 0.58946  0.09908 0.32363
Multi-mean 0.72689 0.72792 0.73054 0.70189 0.60514  0.09584 0.29631
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Table 4: Illustrates a comprehensive evaluation of the baseline and proposed models on the Genbase
dataset

Layer size Outputs W-F114 Mic-F11 Mac-F11 S-F114 Sub-Acct Ham-Loss| Rank-Loss|

200 Single 0.86543 0.90380 0.52150 0.85618 0.79899  0.008 0.15577
Multi-mean 0.92535 0.92608 0.58628 0.90354 0.83668  0.0066 0.08541

300 Single 0.88059 0.91466 0.52251 0.87343 0.81909  0.00725 0.13365
Multi-mean 0.939  0.94119 0.59207 0.93037 0.87437  0.00530 0.06075

400 Single 0.90003 0.93073 0.57760  0.89169 0.84924  0.00595 0.11261
Multi-mean 0.93874 0.93975 0.59832 0.92964 0.86809  0.00544 0.05913

500 Single 0.89801 0.93103 0.56043 0.89035 0.84924  0.00595 0.11281
Multi-mean 0.94803 0.94823 0.60157 0.94730 0.88819  0.00469 0.04345
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Table 7: Comprehensive evaluation of baseline and EMSOCOM models on the Yeast dataset

Layer size Outputs W-F114 Mic-F11 Mac-F11 S-F114 Sub-Acct Ham-Loss| Rank-Loss|

200 Single 0.58717 0.60746 0.42185 0.57836 0.14831  0.22449 0.47944
Multi-mean 0.6152 0.65955 0.42329 0.6375 0.19738  0.19914 0.41573

300 Single 0.5949 0.61497 0.43119 0.58322 0.17775  0.22122 0.47444
Multi-mean 0.6116 0.65937 0.41668 0.63783 0.1982 0.19785 0.41614

400 Single 0.59579 0.61343 0.43336 0.58049 0.17121  0.22285 0.47586
Multi-mean 0.60818 0.65829 0.41116 0.63534 0.19384  0.19725 0.41994

500 Single 0.59868 0.61788 0.43088 0.58546 0.17339  0.22005 047116
Multi-mean 0.61059 0.65959 0.4141  0.63769 0.19547  0.19744 0.41688
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Table 2: Neural Networks hidden layer sizes, output layers, and trainable parameters statistics

L.size BibTex Genbase Medical Scene Yeast

200 0O: 1, Par:399359 O: 1, Par: 242827 O: 1, Par: 299045 O: 1, Par: 60206 O: 1, Par: 23614
O: 4, Par:494600 O: 4, Par: 259000 O: 4, Par: 326000 O: 4, Par: 63800 O: 4, Par: 32000
0O: 8, Par:621800 O: 8, Par: 280600 O: 8, Par: 362000 O: 8, Par: 68600 O: 8, Par: 43200
O: 16. Par: 876200 O: 16, Par: 323800 O: 16, Par: 434000 O: 16, Par: 78200 O: 16, Par: 65600
O: 20, Par: 1003400 0O: 20, Par: 345400 O: 20, Par: 470000 O: 20, Par: 83000 0O: 20, Par: 76800

300 O: 1, Par: 598959 O: 1, Par: 364227 O: 1, Par: 448545 O: 1, Par: 90306 O: 1, Par: 35414
O: 4, Par: 741900 O: 4, Par: 388500 O: 4, Par: 489000 O: 4, Par: 95700 O: 4, Par: 48000
O: 8, Par: 932700 O: 8, Par: 420900 O: 8, Par: 543000 O: 8, Par: 102900 O: 8, Par: 64800
O: 16, Par: 1314300 O: 16, Par: 485700 O: 16, Par: 651000 O: 16, Par: 117300 O: 16, Par: 98400
0O: 20, Par: 1505100 0O: 20, Par: 518100 0O: 20, Par: 705000 O: 20, Par: 124500 0O: 20, Par: 115200

400 O: 1, Par: 798559 O: 1, Par: 485627 O: 1, Par: 598045 O: 1, Par: 120406 O: 1, Par: 47214
O: 4, Par: 989200 O: 4, Par: 518000 O: 4, Par: 652000 O: 4, Par: 127600 O: 4, Par: 64000
O: 8, Par: 1243600 O: 8, Par: 561200 O: 8, Par: 724000 O: 8, Par: 137200 O: 8, Par: 86400
O: 16, Par: 1752400 O: 16, Par:647600 O: 16, Par: 868000 O: 16, Par: 156400 O: 16, Par: 131200
O: 20, Par: 2006800 O: 20, Par: 690800 O: 20, Par: 940000 0O: 20, Par: 166000 0O: 20, Par: 153600

500 O: 1, Par: 998159 O: 1, Par: 6070271 O: 1, Par: 747545 O: 1, Par: 150506 O: 1, Par: 59014
O: 4, Par: 1236500 O: 4, Par: 647500 O: 4, Par: 815000 O: 4, Par: 159500 O: 4, Par: 80000
O: 8, Par: 1554500 O: 8, Par: 701500 O: 8, Par: 905000 O: 8, Par: 171500 O: 8, Par: 108000
O: 16, Par: 2190500 O: 16, Par: 809500 O: 16, Par: 1085000 O: 16, Par: 195500 O: 16, Par: 164000
0O: 20, Par: 2508500 0O: 20, Par: 863500 O: 20, Par: 1175000 O: 20, Par: 207500 O: 20, Par: 192000
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Table 5: Comprehensive evaluation of baseline and EMSOCOM models on the Medical dataset

Layer size Outputs W-F114 Mic-F11 Mac-F11 S-F114 Sub-Acct Ham-Loss| Rank-Loss|

200 Single 0.6004 0.64611 0.24928 0.54594 0.45116  0.01581 0.46253
Multi-mean 0.61069 0.65954 0.23506 0.56633 0.45543  0.01564 0.43854

300 Single 0.6084 0.65747 0.24914 0.55979 0.45736  0.0154 0.45013
Multi-mean 0.61679 0.66349 0.24766 0.57205 0.46473  0.01549 0.43343

400 Single 0.61814 0.66566 0.25926 0.57736 0.46977 0.01523 0.43237
Multi-mean 0.61887 0.66466 0.26047 0.5742 0.46202  0.01548 0.43073

500 Single 0.62665 0.67318 0.26741 0.58512 0.47442  0.01499 0.42318
Multi-mean 0.63441 0.67836 0.26943 0.59419 0.48605  0.01499 0.4106
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Algorithm 1: ENSOCOM

Data: Straz'ning = {Xtry Y;S'r}, Svalida,tio’n = {Xv, Yv}, Stesting = {Xt61 Yte}

Model: Oy = {Oyp4,...,0L,}, Weights Initializer = Glorot Uniform, epochs, Loss
Function, Optimizer, Evaluation Metric £, Output Layers Performance
EOL = {EOL17 ey EOLn}’ BestModels = {BEOL17 ey BEOLn}

Start Training

Initialize W and bias

for epoch in epochs do
Learn Styqining Batches

Start Validation
{OIY,,, R Onf’v} = X, Label Predictions for all O, layers
for oin Of do
if if E, in epoch >BE, then
BE,=FE,
Save Best Model Weights BE,IW
end
end
end
end
end
Start Testing
EnsOLY, = {}
for BEo in BestModels do
Load BE,W weights and build model
Predict X; with loaded model
Append only the predictions made by Output layer o to EnsO LY,
end
end

Ensemble: FinalY = The ensemble of the best models outputs corresponding
components EnsO.Y, by applying O R operation
Output: EEns; evaluation of the ensemble of Outputs Components
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