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ABSTRACT

EVOLVING TEXT STREAM CLASSIFICATION WITH
A NOVEL NEURAL ENSEMBLE ARCHITECTURE

Pouya Ghahramanian

M.S. in Computer Engineering

Advisor: Fazlı Can

January 2022

We study on-the-fly classification of evolving text streams in which the relation

between the input data target labels changes over time—i.e. “concept drift”.

These variations decrease the model’s performance, as predictions become less

accurate over-time and they necessitate a more adaptable system. We introduce

Adaptive Neural Ensemble Network (AdaNEN ), a novel ensemble-based neural

approach, capable of handling concept drift in text streams. With our novel

architecture, we address some of the problems neural models face when exploited

for online adaptive learning environments. The problem of evolving text stream

classification is relatively unexplored and most existing studies address concept

drift detection and handling in numerical streams. We hypothesize that the lack

of public and large-scale experimental data could be one reason. To this end,

we propose a method based on an existing approach for generating evolving text

streams by inducing various types of concept drifts to real-world text datasets.

We provide an extensive evaluation of our proposed approach using 12 state-

of-the-art baselines and eight datasets. Our experimental results show that our

proposed method, AdaNEN, consistently outperforms the existing approaches in

terms of predictive performance with conservative efficiency.

Keywords: Text stream classification, Concept drift, Ensemble learning, Neural

networks.
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ÖZET

YENİ BİR SİNİR TOPLULUĞU MİMARİSİ İLE
GELİŞEN METİN AKIŞI SINIFLANDIRMASI

Pouya Ghahramanian

Bilgisayar Mühendisliği, Yüksek Lisans

Tez Danışmanı: Fazlı Can

Ocak 2022

Kavram kayması, girdi verileri ve hedef etiketleri arasındaki ilişkinin zaman içinde

değişmesi olarak tanımlanabilir. Bu çalışmada, kavram kayması içeren metin

akışlarının anlık sınıflandırılması incelenmektedir. Kavram kayması, zamanla

değişen veri varyasyonlarına bağlı olarak modellerin yanlış tahminlerinin art-

masına ve performanslarının düşmesine neden olur. Bunu engellemek için kavram

kaymasına adapte olabilen modeller geliştirmek gereklidir. Sunduğumuz Uyarlan-

abilir Sinir Topluluğu Ağı’nı (AdaNEN) modeli, metin akışlarında kavram kay-

masına uyum sağlayabilen, topluluk tabanlı yeni bir sinirsel yaklaşım mimarisidir.

Özgün AdaNEN mimarisi, çevrimiçi uyarlanabilir öğrenme ortamlarının yarattığı

çoğu soruna çözüm üretir. Gelişen metin akışı sınıflandırması problemi, görece

az araştırılmıştır. Mevcut çalışmaların çoğu, sayısal akışlarda kavram kayması

algılama ve işlemeye yöneliktir. Bunun nedeninin açık ve büyük ölçekli deneysel

verilerin eksikliği olduğunu düşünüyoruz. Bu doğrultuda, mevcut literatürdeki bir

yaklaşıma dayalı, gerçek dünya metin veri kümelerine çeşitli kavram kaymaları

ekleyerek gelişen metin akışları oluşturmaya yönelik, mevcut yeni bir yöntem

öneriyoruz. AdaNEN’i teknolojiyi temsil eden 12 referans model ile sekiz veri seti

üzerinden karşılaştırılarak yaklaşımımızın kapsamlı bir değerlendirmesini sunuy-

oruz. Deneysel sonuçlarımız, önerilen yöntemimiz AdaNEN’in, koruyucu ver-

imlilikle tahmine dayalı mevcut yaklaşımlardan tutarlı bir şekilde daha iyi per-

formans gösterdiğini göstermektedir.

Anahtar sözcükler : Metin akışı, Veri akışı, Metin sınıflandırması, Kavram kay-

ması, Topluluk öğrenimi, Sinir ağları.
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Chapter 1

Introduction

Text classification is one of the well-known tasks in the literature with many real-

world applications. Recent progress with pretrained neural networks, like BERT

[10], lead existing approaches towards more accurate predictions for a variety of

text processing tasks [15, 23, 51]. However, such approaches are ill-suited for

online learning settings where data flows over time, with possible changes of the

relationship between the input data and its target variable.

In dynamically changing and non-stationary environments, such as text streams,

the conditional distribution of the target label given the input features can change

over time. This phenomenon is called concept drift [31]. One of the biggest chal-

lenges is to develop algorithms that adapt themselves with each drift. Existing

literature focuses mainly on numerical data such as traffic management, click

streams, and the stock market [14, 8, 5, 7]. Gama et al. [12] characterize the

adaptive online learning and provide a survey on different types of concept drift:

(i) Sudden/Abrupt, (ii) Incremental, (iii) Gradual, and (iv) Reoccuring. Ensem-

bles of classifiers are commonly used for such settings [6, 35, 45, 13] with effective

base models such as the Hoeffding Tree (HT) [16].

We refer to text stream with concept drift as evolving text stream. We study

on-the-fly classification of evolving text streams. For example, detecting spam
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emails from incoming emails, in which spam and non-spam labels change over

the time, demonstrates certain types of challenges with our problem setting. Due

to the volume as well as velocity of incoming data, it is impractical to train the

model with multiple passes over the data—as is the practice with offline settings.

In addition, label prediction becomes time-sensitive, requiring quick inferences.

For studying evolving text streams, we consider a user’s (or a community of

users’) evolving interests over a stream of news documents. Concept drift can be

defined as the change of the user’s interest in news topics. For example, consider

a news portal publishing on three categories: politics, sports, and health. In the

beginning, a user might be interested in politics. After a while, in the case of

a viral pandemic, the user’s interest might change toward health-related news.

This change can be in any of the four drift types aforementioned. Only a limited

number of studies address this problem in the literature [1, 29].

In this study, we propose an ensemble-based neural network approach capable of

handling concept drift in text streams, named AdaNEN –see Chapter 4. The usage

of neural models for online environments are overlooked, despite their impressive

performance in many fields. With AdaNEN, we address some of the problems

neural models face when exploited for online adaptive learning environments.

Due to the lack of public and large-scale experimental data, we extend an existing

approach to introduce different types of concept drifts to real-world text datasets

and construct four evolving text streams based on the 20 News Groups (20NG)

[28] and the AG News [52] datasets —see Chapter 5. Our experimental results

show that our proposed method outperforms the existing approaches in terms

of predictive performance with a conservative efficiency—see Chapter 6. We

provide some further analyses on understanding the proposed model behavior as

the data flows and present an ablation study showing the importance of the main

components of AdaNEN—see Chapter 7. We give a a brief overview of offline

and online text classification in Chapter 2.
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Our contributions can be summarized as follows: We

• Introduce an ensemble-based neural approach for evolving text stream classifi-

cation,

• Propose a method to construct large-scale evolving text streams and construct

four text streams with concept drift using the proposed method,

• Provide an extensive evaluation of our proposed approach using 12 state-of-

the-art baselines and eight datasets.
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Chapter 2

Related Work

Here, we first briefly describe general text classification approaches. Then, we

give a summary of evolving data stream classification methods and survey the

existing text stream classifiers.

2.1 Text Classification

Text classification is defined as automatically assigning predefined labels to text

segments based on a similarity measure obtained by a machine learning algorithm.

Traditionally, the focus has always been on using statistical and probabilistic ap-

proaches for text classification. As an example of probabilistic classifiers, Naive

Bayes uses joint probabilities of words and categories for estimating the prob-

ability of category given a document [40]. In the last decade, word embedding

methods have experienced a drastic change and novel embedding methods are

introduced for representing words as numerical vectors based on their semantics.

Different word embedding methods have been proposed in recent years [33].

Various neural and deep learning approaches have been proposed for classifying

text documents. Zhang and LeCun [51] exploit a convolutional neural architecture

for text classification by using a character-level quantization of text documents

4



as input data. The authors reported significant gains for the examined text clas-

sification tasks. Recurrent neural networks are the other type of deep neural

networks used in text classification. Nowak et al. [37] investigated performance

of LSTM and two of its variants, namely Bidirectional LSTM and GRU in short

text classification tasks. More recently, introduction of pre-trained deep neural

language models, like BERT [10], shifted almost every downstream task toward

such models and huge gains are reported for many NLP and IR tasks. Another

recent attempt in text classification is using Capsule Network [15, 41] in text

classification. Kim et al. [23] proposed a capsule-based model for text classifica-

tion. As they indicate in their work, capsule network has enough potential to be

used as a powerful model for text classification, and it has some advantages over

convolutional neural networks. However, as we show in our experiments, such

models are not yet deployable for evolving text stream environments.

2.2 Evolving Stream Classification

Concept drift occurs in a data stream due to changes in the underlying data

distribution or target concept [12, 22]. General frameworks of learning with drift

detection and adaptation capabilities are provided by Lu et al. [31] and Aggarwal

et al. [2]. ADWIN [3] is a well-known concept drift detection method that uses

error rate statistics to adjust instance window size. Another revolutionary model

used in data stream classification is the Hoeffding Tree [16]. A Hoeffding Tree is

capable of handling large data streams.

A more commonly used method for handling concept drift is to use an ensemble

of classifiers. Kolter and Maloof [25] introduce one of the most famous ensemble

methods designed specially for concept drift handling. Dynamic weighted major-

ity (DWM) adds and drops classifiers to an ensemble based on their performance

over time. Bonab and Can [7] introduce a geometrically optimum and online-

weighted ensemble method (GOOWE) for evolving data stream classification by

assigning optimum weights to the base classifiers. However, such methods are

not thoroughly studied for the text stream classification problem.
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2.3 Evolving Text Stream Classification

Due to ubiquitous and popular social media and weblog platforms as well as many

other sources, a huge amount of text data is generated on the Web. Online text

classification can be applied to a number of different downstream tasks, such as

news filtering, event detection and tracking [1, 29, 44]. Aggarwal [1] provides a

comprehensive survey of the existing approaches for text streams covering dif-

ferent learning paradigms such as classification and clustering. As discussed, a

considerable amount of literature has been published on text classification [46, 34]

with exciting improvements especially with the pre-trained language model-based

classifiers. However, a few number of these studies have investigated evolving text

stream environment, where the text data come in forms of a stream [17, 1].

Lindstrom et al. [30] propose an approach for classifying documents’ stream in

which the labeling cost is high, by training the model on the most informative

data instances. Nishida et al. [36] study the problem of evolving short text

stream classification, where the underlying data distribution changes over time,

and introduce P-Switch, a model suitable for this setting. Yoshinaga and Kit-

suregawa [50] study the real-time efficient processing of disaster-related Twitter1

streams using a self-adaptive classifier in which the classifier reuse parts of the

past streams which are related to the ongoing stream.

For other learning paradigms on text streams, Katakis et al. [19] introduce Con-

ceptual Clustering and Prediction (CCP), using clustering to identify concepts,

and train cluster-specific classifiers in an ensemble. Kumar et al. [27] proposed

OSDM, an online model for short text stream clustering by embedding word-

occurrence semantic information in the clustering task. Cortes et al. [9] inves-

tigated the adaptive learning of neural network structure and its weights. Zhou

et al. [53] introduced an online algorithm based on autoencoders for determining

the optimal model complexity by adding and merging features.

1https://twitter.com/
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Chapter 3

Problem Definition

In this chapter, we explore the problem of evolving text stream classification. Firs,

we define text stream classification; then, we focus on concept drift adaptation

in text streams.

3.1 Text Stream Classification

In a text stream environment, data is generated over time via a source like social

media or a news portal. We refer to a text data instance at time t as dt—assuming

a single instance arrives at a time. To feed the incoming text data instance to our

model, a numerical dense feature representation is constructed for each instance.

Similar to offline text classification, various word embedding methods can be

used for this purpose. As illustrated in Figure 3.1, we define the problem of text

stream classification as follows: For an incoming data dt, the model predicts the

class label, i.e. y′t, by generating probability values of belonging data instance

to each P class labels, i.e. st =< S1
t , S

2
t , · · · , SP

t >. Here, we only deal with

the binary scenario1, i.e. P = 2. We assume that, for every instance, the correct

1Note that one might think of this problem as a multi-class problem with different interest
levels. Here for simplicity we only consider the binary scenario and leave the other variations
as the future work.
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label becomes available at time t+1; making the immediate evaluation procedure

possible. Finally, using the true class of dt, i.e. yt, and the obtained features,

the model is updated incrementally. This is known as prequential learning or

test-then-train learning paradigm in the literature [31, 12]. As a result, every

data instance is used both for testing and training. A sliding window of recent

data instances is stored for any model for updating purposes.

dt+2 dt+1 dt

Text Data Stream

Classifier

st = < St
1
 , St

2
 , ... , St

P 
>

yt
'
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dt

dt
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e
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t
o

u
p
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a
t
e
 
c
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s
s
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e
r

 yt

true class

of dt

Data instance at time t

Performance

Evaluation

Figure 3.1: Text data stream classification problem.

3.2 Concept Drift in Text Streams

Concept drift in data streams refers to varying relationship between input data

and output labels over time. Lu et al. [31] categorize concept drift into four

types: (i) Gradual, (ii) Abrupt/Sudden, (iii) Incremental, and (iv) Reoccuring.

In gradual concept drift, the input data output labels relationship varies over

time, and there is no drift point. There is a gradual drift in the second data

chunk in Figure 3.2. Abrupt concept drift occurs instantly in a definite point.

In Figure 3.2, an abrupt drift happens in the first data chunk. In incremental

concept drift, distribution of the data changes over time. In reoccurring concept

drift, previously observed concepts reoccur over time.

In a text stream, concept drift may appear in any of the previously mentioned
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forms. As an instance, while classifying a news document as interesting or not

interesting for a user, there could be a possible drift where the user finds pre-

viously interesting topics not interesting. Such a scenario is our concern in this

study.
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Figure 3.2: An illustration of various concept drift types within a text data
stream.
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Chapter 4

AdaNEN: Adaptive Neural

Ensemble Network

4.1 Motivation

Deep neural networks have shown impressive performance in text classification.

However, there are a couple of reasons that make them ineffective for online

learning. First, neural networks use a preset number of hidden layers, depending

on the complexity of data. Using a few number of hidden layers limits the capacity

of the network for learning, while excessive layers might cause over-fitting. Hence,

choosing the proper number of hidden layers before training is not possible in data

stream environments. Second, the learning rate of a neural network is pre-defined

before training. Using a higher learning rate prevents the network from finding the

global minima, while using lower learning rate may cause optimization progress

fail. Optimization methods, such as Adam [24] and RMSPbrop [47], decrease the

learning rate in the optimization process to find the global minima. However,

in evolving data stream classification we may need to increase learning rate to

adapt to variation in data faster and handle the concept drift.

10



4.2 General Principles

Figure 4.1 presents the general schema of AdaNEN. We leverage the success of

ensemble methods and address the issues with neural models for the design of

our architecture. AdaNEN is a modification of a feed-forward neural network

that uses multiple output layers connected to a concatenation layer. AdaNEN

uses more than one output layer updating with different learning rates. Then,

an ensemble method is used for combining predictions of the output layers and

generating the final prediction. By using multiple output layers with different

learning rates we let the network to focus on most recent data by increasing the

ensemble weight of output layer with higher learning rates. Moreover, using a

concatenation layer instead of last hidden layer as input to the output layers en-

ables the network to use an adjusted number of hidden layers to fit the complexity

of current data.

4.3 Algorithm

AdaNEN’s procedure is described in Algorithm 1. Let l be the number of hidden

layers, m be the number of output layers and lrj be the learning rate of jth

output layer. First, the network is fed with the current data instance. Then,

hidden layers are concatenated (⊕) and used as input to the output layers (lines

5-6). Assume that Xk is the current data instance, and hi
k is the ith hidden layer

result for that data instance. We construct the concatenation layer, Zk, using

every hidden layer in the feed-forward network. Let Y ‘jk be the prediction of jth

output layer. Final prediction of the model is obtained by weighted majority

voting (lines 7-11). The training phase of AdaNEN is described in lines 12-18.

First, loss value for each of the output layers is calculated using cross-entropy

loss function (lines 13-15). Then, assuming that lossj is the loss value for jth

output layer, total loss is calculated as weighted average of loss values (line 16).

Finally, the obtained total loss is backpropagated through the network and the

parameters are updated.
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After calculating loss values and backpropagating the total loss, ensemble weights

and loss values of output layers are updated (line 18). Ensemble weight for the

jth output layer is denoted by Wj. Ensemble weights are updated on the basis

of loss values of the output layers. Note that β is the penalization parameter

(0 < β < 1) and s is the regularization parameter that prevents assigning near-

zero weights for output layers. Also, ensemble weights are divided by the sum of

weights to ensure that they sum up to one. This update is similar to the Hedge

ensemble method [42].

Algorithm 1 AdaNEN

Input: X : Input Data Chunk
Output: Y ′ : Class Predictions
1: while data stream has more instance do
2: Xk = Data instance at time step k
3: Zk = h1

k ⊕ h2
k ⊕ ...⊕ hl

k

4: Feed the output layers with Zk

5: for j=1 ; j ≤ m do
6: Y ‘jk = prediction of jth output layer
7: end for
8: Y ‘k =

∑m
j=1Wj × Y ‘jk

9: Predictionk = Max(Softmax(Y ‘k))
10: Yk = True label for data instance at time step k
11: for j=1 ; j ≤ m do
12: Lossj = CrossEntropyLoss(Y ‘jk, Yk)
13: end for
14: Losstotal =

∑m
j=1Wj × lossj

15: Backpropagate the total loss and update model parameters.

16: Wj =
max(Wj×βlossj , s

m
)∑m

i=1 Wi

17: end while

12
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Figure 4.1: Overall schema of our Adaptive Neural Ensemble Network (AdaNEN)
for evolving text stream classification.
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Chapter 5

Evolving Text Stream Generation

Here, we describe our approach for constructing 20NG-Abrupt, 20NG-Gradual,

AGNews-Abrupt and AGNews-Gradual text streams based on 20 News Groups

(20NG) [28] and AG News datasets [52]. Our approach is an extended version of

the method presented in [20].

20NG is a collection of 20,000 news articles with 20 news categories. We grouped

the categories into 4 class labels; documents related to

1. Cmp, computers with comp.* categories,

2. Rec, recreation with rec.* categories,

3. Sci, science with sci.* categories,

4. Tlk, talk with talk.* categories.

AG News topic classification dataset is constructed from the original AG news

dataset by choosing 4 largest classes (world, sports, business, sci/tech). The

original dataset is a collection of 1 million news articles collected in more than

one year from 2,000 news sources. The total number of news articles in the

dataset is 127,600.
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We aim to classify news articles as interesting (positive) or not-interesting (neg-

ative) for a user. Note that different levels of interest can be defined for this

problem. We only focus on binary scenario (n = 2) and leave the other possibili-

ties as the future work. At any given time, t, only a subset of these news groups

are the interest of a user and the rest are not interesting.

With n pre-defined class labels, i.e. Y = {y1, y2, · · · , yn}, the aim of a stream

classifier is to assign labels to the incoming data instance—x. This prediction is

done based on a set of joint probabilities p(x, yi). Khamassi et. al. [21] define

the set of joint probabilities at time t as a concept. Accordingly, concept drift is

defined as a change in the joint probabilities between two time steps. This means

pt1(X, Y ) ̸= pt2(X, Y ). Note that X refers to a set of data instances. Using the

Bayes’ theorem, we can state the joint probability as:

p(X, yi) = p(yi) × p(X|yi) = p(X) × p(yi|X) (5.1)

Based on this formulation three possible sources of concept drift can be defined:

(i) Change in the prior probability of classes p(yi), which shows variation in tar-

get class distribution, (ii) Change in the posterior probability of target classes

p(yi|X). It is also known as real concept drift, meaning that decision boundaries

change over time, and (iii) Change in the class conditional probability p(X|yi),
which is known as virtual concept drift. In this case, the input data distribution

within a class changes. For example, the outbreak of a disease affects the distri-

bution of medical news articles by publishing more medical news, which, in turn,

causes a virtual concept drift.

On the basis of type of distribution change over time, abrupt and gradual drifts

are two major drift types. In abrupt drift, the distribution of data changes

suddenly and a concept is replaced by another at time t, while in gradual drift

this change occurs smoothly over a time interval.

Figure 5.1 illustrates the process. t is the moment that sudden concept drift

happens. Similarly, t1, t2 are the start and end times of a gradual drift—with

a and b probability values. Depending on the time period of drift, gradual drift

can happen fast or slow. To include different variety of gradual drifts, we define

15



intensity of drift as:

DI (Drift Intensity) =
b− a

t2 − t1
(5.2)

p

Time

1

0

a

b pi

pj

t

p

Time

1

0

a

b pi

pj

ti tj

(a) Abrupt (b) Gradual

Figure 5.1: Adding abrupt and gradual drift to a stream.

We consider (b− a) to be always 1, and t2 − t1 as the number of data instances

during the drift. Drift intensity for the abrupt drift is ∞ and for a gradual drift

is 0 < DI ≤ 1. Therefore, we can rewrite drift intensity as 1/(number of data in-

stances during the drift). We use drifts with different intensity values. Table 5.1

and 5.2 show distribution of concept drift and intensity of drift in the 20NG and

AG News datasets, respectively. DI values are randomly generated, and columns

are showing the latest data instance—e.g, 3.5 showing the span of stream from

the beginning up to 3,500 instances. Moreover, + shows user is interested in the

corresponding news group and − means otherwise.
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Table 5.1: Concept drift distribution for both 20NG-Abrupt and 20NG-Gradual

text streams

3.5K 4K 4.5K 5K 5.5K 6K 6.5K 7K 7.5K 8K 8.5K 9K 9.5K 10K 10.5K 11K 11.5K

Cmp + + - - - - - + + + - - - + + + +

Rec - - + - - - + + - - + + + - + + -

Sci + - - + - + + - + - + - + + - + +

Tlk - - - - + + - - - + - + + + + - -

1/DI - 50 100 25 200 50 25 150 100 75 250 125 75 50 100 25 50

Table 5.2: Concept drift distribution for both AGNews-Abrupt and AGNews-

Gradual text streams

10K 20K 30K 40K 50K 60K 70K 80K 90K 100K 110K 127.6K

World + - + - - + - + - + - +

Sports + - - + + - + - - + - +

Business - + + + - - + + + - + -

Sci/Tech - + - - + + - - + - + -

1/DI - 5000 1000 500 100 500 2500 250 2000 1000 10000 500
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Chapter 6

Experiments

Here, we describe our experimental setup; then, results are given and experimen-

tal analyses are provided with some discussion.

6.1 Experimental Setup

6.1.1 Datasets.

In our experiments, we use eight text stream classification datasets to evaluate

the effectiveness and efficiency of our model. Four of these datasets are based on

20NG and AG News datasets with 11,500 and 127,600 data instances (see chapter

5), and the remaining four datasets are as follows:

1. Usenet[20]: a collection of 1,500 news articles, labeled as interesting or

not interesting for a user. In the dataset, concept drift is defined as change

in user personal interest, which occurs at each 300 data instances. Each

data item has 99 attributes which are the words in the whole dataset. Each

instance is a binary vector of length 99 where the feature value is one if a

word exists in that instance and zero otherwise;
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2. Spam Filtering [19, 18]: contains 9,324 data instances and 499 attributes

(words). This dataset contains gradual concept drift, and the characteristics

of spam messages change over time. Each instance is a binary vector of

length 499, where the feature is one if a word exists in that instance and

zero otherwise;

3. Email List [19]: contains 1,500 articles from medicine, space, and baseball

categories, classified as interesting or junk to the end user. Concept drift

in the dataset is defined as change in the user’s interest in the categories.

The vocabulary of the dataset consists of 913 words, and the features are

the binary values representing the existence of a word in the document;

4. New York Times (NYT): contains around 16,000 articles from January

1, 2020 - December 31, 2020. Our aim in this dataset is to predict popular

articles, which is defined by is popular feature in the dataset. We obtained

the dataset from Kaggle1.

We use word2vec embeddings2 [33] to extract features by averaging the constitut-

ing word vectors. For the Spam dataset, the word list is not available and data

instances are provided as binary features. For the same reason, we are not able

to run BERT model on the Spam dataset.

6.1.2 Evaluation Method.

We used prequential test-then-train approach along with an instance window for

training and evaluating classifiers, similar to the literature [7, 12, 31].

6.1.3 System Specification.

We perform our experiments with ensemble models on a machine equipped with

an Intel Core i7-4702MQ @ 2.2 GHz processor and 8GB DDR3 RAM. For neural

1https://www.kaggle.com/benjaminawd/new-york-times-articles-comments-2020
2We used spaCy library: https://spacy.io/

19



models, except for BERT, we use an Nvidia GeForce GTX 960M GPU with 4GB

DDR5 memory. As BERT requires significant amount of GPU memory, we used

the Google Colab3 platform to run our experiments with the BERT model.

6.1.4 Baselines.

To compare performance of AdaNEN, we use 8 ensemble and 4 neural models.

We use the first 200 data instances for a given stream to determine and tune the

hyper-parameters for each of our datasets.

Ensemble Models.

1. Additive Expert Ensemble (AddExp) [26]: removes the weakest base clas-

sifier to overcome the concept drift in a stream;

2. Accuracy Weighted Ensemble (AWE) [48]: uses test accuracy result to de-

termine the weight of each classifier;

3. Dynamic Weight Majority (DWM) [25]: adds and removes base classifiers

and adjusts the weighting based on the performance on the test data;

4. Geometrically Optimum and Online-Weighted Ensemble (GOOWE) [7]:

weights the classifiers based on the distance of their vote vectors and ideal

points and a least square problem is solved to find the final weights;

5. Hoeffding Adaptive Tree classifier (HAT) [4]: is a tree based model with

ADWIN detection method for handling concept drift;

6. KNN-ADWIN [3]: KNN classifier and an ADWIN detector for handling the

concept drift;

7. Learn++.NSE [11]: a modified version of the famous NSE algorithm, that

adds the capability of handling concept drift in a stream environment;

3https://colab.research.google.com

20



8. Oza-Adwin [38]: an improved Online Bagging model with ADWIN change

detector designed for non-stationary environment.

Neural Models.

1. SGD and Adam: Feedforward Neural Networks with Stochastic Gradient

Descent (SGD) and Adam optimizers;

2. Hedge Backpropagation (HBP) [42]: an online, neural network based model

for large scale data, capable of handling concept drfit;

3. Bidirectional Transformers for Language Understanding (BERT) [10]: a

recent deep neural network model used for text classification. We tune and

run the pretrained model on default parameters.

6.2 Experimental Results

Table 6.1 presents our results for prequential accuracy of the models. For example,

the total prediction accuracy of AddExp on the entire Spam text stream is 91.30

percent. Table 6.2 shows runtime per data item results of models on data streams.

For instance, the AddExp model takes 8.48 centiseconds to test-then-train each

data item in the Spam stream. Our results suggest that AdaNEN outperforms

the baseline models by achieving highest accuracy values in all datasets with

a conservative runtime. Interestingly, simple feed-forward neural networks with

Adam and SGD optimizers perform comparable to most of the other ensemble

baselines, designed for concept drift handling. For instance, in Email text stream,

SGD and Adam achieve the 2nd and 3rd ranks, respectively. We believe that

good performance of Adam and SGD on text streams stems from strength of

neural networks in text classification. This implies that despite the success of

existing ensemble methods in concept drift handling and numerical data stream

classification, they might not directly applicable for text streams. This is probably

due to the extra complexity of text compared to numerical data.
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Among the non-neural ensemble approaches we see a general consistency for pre-

diction accuracy, despite their big difference in the running time of the methods.

In terms of accuracy, there is no single winner among the datasets for ensemble

approaches; KNN-Adwin for Spam and Email, DWM for Usenet, 20NG-Abrupt,

and 20NG-Gradual. However, in terms of running time Learn++.NSE method is

quite fast.

One surprising observation is the low predictive performance of BERT compared

to other neural and non-neural approaches. This can be explained by the deep

architecture of BERT with many stacked layers and millions of parameters that

takes a long time to adapt itself with every change in the data distribution which

is not suitable for evolving environments. It would be interesting to study the

network distillation techniques in the literature for compress the size of the net-

work and lowering the number of parameters [43]. As it is out of the scope of our

study, we leave it for future work.

In terms of running time, AdaNEN is much more efficient than the majority

of ensemble-based approaches and BERT. For the case of ensemble-based ap-

proaches, it can be due to the complexity of the updating every single model

individually—i.e. maintenance cost. In fact with proper distribution implemen-

tation over multiple nodes, some of the running time cost might be reduced.

For the case of the BERT model, the gap is an expected result because deeper

models need considerable amount of time for training and testing even on GPU.

Besides, our model is efficient enough for a data stream environment and its re-

sults are comparable with our baseline methods. For instance, on Email data

stream AdaNEN is around 9 times slower than the fastest approach, while pro-

viding 85% increase in the prediction accuracy. We believe running our AdaNEN

on a better hardware can compensate the differences with the fastest approach

while preserving the high accuracy.
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6.3 Prequential Evaluation

Figures (6.1 - 6.8) show the prequential evaluation of the top five methods for

text streams studied with the highest average rank—accuracy values are plotted

over time for each dataset. As it can be seen, in concept drifting points, which

are indicated by sudden drops in accuracy, our model is able to adapt to the

changes quickly, compared to other baseline models. For instance, in the Email

data stream (Figure 6.1), our model returns to its previous performance faster

than other baselines in concept drift points. In fact, we have similar observations

for all datasets. Comparing out 20NG text streams prequntial analyses in Figures

6.5 and 6.6 show that AdaNEN is better with Abrupt drifts compared to grad-

ual drifts. However, as data flows with the gradual drift, AdaNEN successfully

corrects itself and outperforms other strong baselines. The total accuracy values

from Table 6.1 reported this. While none of the other strong baselines are always

performing better, we notice that DWM from ensemble baselines and Adam from

neural baselines are performing quite well compared to others.
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Figure 6.1: Email.
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Figure 6.2: Spam.
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Figure 6.3: Usenet.
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Figure 6.4: NYT.
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Figure 6.5: 20NG-Abrupt.
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Figure 6.6: 20NG-Gradual.
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Figure 6.7: AGNews-Abrupt.
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Figure 6.8: AGNews-Gradual.
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Chapter 7

Further Analyses and Discussion

In this chapter, we further investigate differences in the performance of our model

and baselines in terms of prequential accuracy, concept drift handling and effi-

ciency/effectiveness aspects.

7.1 Ablation Analysis

In order to further study the AdaNEN’s neural ensemble architecture, here we

conduct an ablation study and show that the ensemble approach and different

learning rates are highly important factors for the success of our method. For

our study, we consider the following variants of the AdaNEN model by disabling

the ensemble module or using the same learning rate in the output layers.

1. Complete: the complete version of AdaNEN;

2. AdaNEN-lr : output layers with identical learning rate (1e-2) are used, to

assess the effect of using output layers with different learning rates;

3. AdaNEN-ens : ensemble method is disabled and majority voting is replaced,

to assess the effect of ensemble method.
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Figure 7.1 shows our ablation study on the Email dataset. We only report Email

dataset here and confirm that similar results are observed for other streams. We

observe that the complete AdaNEN model outperforms the other variants by

improving the accuracy by 6.78% (AdaNEN: 85.85% vs. AdaNEN-lr: 80.40%)

and 18.90% (AdaNEN: 85.85% vs. AdaNEN-ens: 72.20%). Between AdaNEN-lr

and AdaNEN-ens, we observe that the latter has more performance deterioration,

indicating that the ensemble module plays a more important role than using

different learning rates in the AdaNEN model.
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Figure 7.1: Ablation study of AdaNEN’s learning rates and ensemble architecture

on Email dataset.
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7.2 Ensemble Weight Assignment Analysis

In order to show how AdaNEN adapts to the changes in a stream by changing

weights for output layers with different learning rates, we track the ensemble

weights for output layers. Figure 7.2 shows ensemble weights, average learning

rate of output layer and accuracy plots of AdaNEN along with Adam, SGD, and

HBP neural models, for the Spam data stream. Average learning rate the of

output layer is calculated as:

lravg =
m∑
j=1

Wj × lrj (7.1)

We use 3 output layers in our experiments with 1e− 1, 1e− 2 and 1e− 3 learning

rates. Our observations show that at concept drift points AdaNEN assigns more

weights to the output layers with higher learning rates to learn the new trend

in data faster. Similarly, at the end points of concept drift, the learning rate

is returned to the previous level. For instance, in the 2nd evaluation window

of the spam dataset, average learning rate of AdaNEN increases from 0.020 to

0.058 to adapt to the drift. It can be seen from the accuracy plot that AdaNEN

maintains its performance at this point, for this, while accuracy of other neural

models decreases dramatically. Another example is 11th evaluation window.
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Figure 7.2: Ensemble weight assignment for Spam dataset.
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7.3 Hyperparameter Analysis

In this section, we study the effects of hyperparameters in AdaNEN performance.

The major hyperparameters of AdaNEN are:

1. l: Number of hidden layers,

2. m: Number of output layers,

3. lrj: Learning rates of the output layers,

4. β: Ensemble weight update penalization parameter,

5. s: Regularization parameter.

We use grid search for tuning the hyperparameters in AdaNEN. Table 7.1 shows

AdaNEN’s performance on the 20NG-Ab dataset with different hyperparameter

values. Optimal value of the hyperparameters obtained by grid search is given

in the last row of the table. To assess the effect of each hyperparameter, in

each row of the table value of one hyperparameter is changed and the other

hyperparameters are set to their optimal values.

The number of hidden layers is an important factor in the performance of feed-

forward neural networks. Using a lower of higher number of hidden layers reduces

performance of the neural networks by limiting the model capacity or over-fitting

the data. Using a concatenation layer enables AdaNEN to use adjusted number

of hidden layers to fit complexity of the current data.

We observe that by using a lower number of hidden layers the performance of

adaNEN deteriorates, while increasing the number of hidden layers has less per-

formance deterioration. This observation validates our idea that AdaNEN is able

to use the required number of hidden layers to adjust to the complexity of current

data.

Among other hyperparameters, we observe that the number of output layers

(m) and the regularization parameter (s) are respectively the most and the least
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Table 7.1: Hyperparameter Analysis Result

Hyperparameter

l m β s lrj Accuracy (%)

2 3 0.8 0.2 [1e-1, 1e-2, 1e-3] 55.86
6 3 0.8 0.2 [1e-1, 1e-2, 1e-3] 77.86
8 3 0.8 0.2 [1e-1, 1e-2, 1e-3] 74.07
4 2 0.8 0.2 [1e-1, 1e-3] 68.18
4 4 0.8 0.2 [1e-1, 1e-2, 1e-3, 1e-4] 70.15
4 6 0.8 0.2 [5e-1, 1e-1, 5e-2, 1e-2, 5e-3, 1e-3] 56.43
4 3 0.4 0.2 [1e-1, 1e-2, 1e-3] 74.83
4 3 0.6 0.2 [1e-1, 1e-2, 1e-3] 73.93
4 3 0.9 0.2 [1e-1, 1e-2, 1e-3] 78.09
4 3 0.8 0.1 [1e-1, 1e-2, 1e-3] 77.16
4 3 0.8 0.4 [1e-1, 1e-2, 1e-3] 74.30
4 3 0.8 0.8 [1e-1, 1e-2, 1e-3] 74.38
4 3 0.8 0.2 [5e-1, 5e-2, 5e-3] 69.84
4 3 0.8 0.2 [5e-2, 5e-3, 5e-4] 76.74
4 3 0.8 0.2 [1e-2, 1e-3, 1e-4] 77.72

4 3 0.8 0.2 [1e-1, 1e-2, 1e-3] 80.23

important factors in the performance of the model. This was expected, since the

number of output layers is effective in both adjusting the learning rate by the

ensemble module and usage of different learning rates in the output layer. We

observed similar results for the other streams.

7.4 Effectiveness and Efficiency Analysis

In order to compare accuracy and runtime of AdaNEN and the baseline methods,

average rank of the models’ accuracy and runtime are plotted in figure 7.3. Note

that all models are run on systems that match their nature; for example BERT

on Google Colab. We evidence that in terms of accuracy, AdaNEN outperforms

the baseline models with a conservative efficiency. Due to the properties of the

data stream environment, we can claim that a model is a good fit, if it performs

well in terms of both accuracy and runtime. For instance, we can clearly say that

36



compared to AWE, AddExp is a better choice in our experiments, since it reaches

better average accuracy and runtime rank. Similarly, GOOWE is a better option

in comparison to BERT.
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Figure 7.3: Accuracy and runtime avg. ranks.
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Chapter 8

Conclusion and Future Work

We introduce AdaNEN, an online neural classifier, suitable for evolving text

stream environments. We highlight the real-world and specific obstacles that

text data streams pose, with a particular focus on concept drift adaptation. The

research community suffers from the lack of large-scale evolving text streams. Our

concept drift inducing approach offers a solution to this problem by using real-

world datasets. Our experiments demonstrate that with comparable efficiency,

AdaNEN outperforms strong approaches in the literature including ensemble and

neural models. We demonstrate that AdaNEN is a suitable choice for evolving

text stream environments, and mega-models with millions of parameters might

not be a practical solution. We are interested in to further extend our model

design and data generation. More specifically, we are working on re-purposing

the huge text datasets such as Amazon [32] and MIND [49]. Incorporating the

adjacent field of sequence-aware recommendation [39] into our problem setup is

another opportunity for further research.
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