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a b s t r a c t 

RSSalg software is a tool for experimenting with Semi-Supervised Learning (SSL), a set of machine learning 

techniques able to use both labeled and unlabeled data for training. The goal is to reduce human effort 

regarding data labeling while preserving model quality. 

RSSalg software encompasses the implementation of co-training, a multi-view SSL technique and RSSalg, 

its single-view alternative. Our tool enables easy comparison of different SSL algorithms. It provides a 

cross-validation procedure and supports standard metrics for performance evaluation. The tool is free 

and open source, available on GitHub under the GNU General Public License. It is implemented in Java 

language using Weka library. 

© 2017 Elsevier B.V. All rights reserved. 
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1. Introduction 

When training a prediction model we are often faced with a

problem of lacking labeled training data. Data labeling requires

manual human work which can be expensive regarding both time

and money. This issue can be alleviated by Semi-Supervised Learn-

ing (SSL) techniques which can use both labeled and unlabeled

data for training, with the goal of minimizing human effort re-

garding data labeling while keeping the desired level of prediction

quality [1] . 

In this paper, we present RSSalg software , a tool for experiment-

ing with SSL classification techniques. Our tool encompasses the

implementation of two SSL methods: co-training [2] and RSSalg

[3] . It provides a cross-validation design for comparing the perfor-

mance of different SSL algorithms and ensures experiment replica-

bility. 

Co-training [2] is a very powerful SSL technique which can be

applied on the datasets characterized by a natural separation of

features in two disjoint sets (feature split), called views. Ideally,

the feature split originates from the existence of two independent

sources of information describing the same data. Each view is rep-

resented by its unique set of features. In RSSalg software , the user

can define the natural feature split and run co-training. 

Co-training performance greatly depends on the properties of

the used feature split [4] . In many real-world problems that would
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e alleviated by co-training, an adequate feature split might be un-

nown. Researchers have approached this issue in two general di-

ections 1 : 

(1) Designing the optimal artificial feature split for co-training.

In RSSalg software user can run co-training using a ran-

dom feature split which proved to be useful when there is

enough redundancy in the data [5] 

(2) Combining co-training with ensemble methods. RSSalg [3] is

one of these techniques. 

To the best of our knowledge, a methodology that could guar-

ntee successful co-training application on single-view datasets

f various properties remains an open research problem. Soft-

are that allows easy implementation of new co-training solutions

ould be beneficial to the research community. Thus, RSSalg soft-

are was designed to be easily extendable. 

Another open research question in co-training is the lack of

rincipal way of choosing its parameters [6] . Our tool is maximally

onfigurable regarding algorithm parameters allowing the user to

xplore the relationship between parameter values and algorithm

erformance. 

. Tool functionalities 

In RSSalg software user can train and evaluate the following
lassifiers: 

1 A more detailed survey of the proposed solutions can be found in [3] . 

http://dx.doi.org/10.1016/j.knosys.2017.01.024
http://www.ScienceDirect.com
http://www.elsevier.com/locate/knosys
http://crossmark.crossref.org/dialog/?doi=10.1016/j.knosys.2017.01.024&domain=pdf
mailto:slivkaje@uns.ac.rs
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• L acc : Supervised learner trained using the labeled instances 

• All acc : Supervised learner trained using both labeled and unla-

beled instances (with correct labels assigned) 

• Natural : co-training run with natural (user-provided) feature

split 

• Random : co-training run with random feature split. An average

performance of m co-training classifiers trained using m differ-

ent random splits is reported 

• MajorityVote ( MV ): a majority vote of m co-training classifiers

trained in Random 

• RSSalg : RSSalg [3] , an ensemble technique that uses m co-

training classifiers trained in Random with a more sophisti-

cated vote aggregation procedure than MV 

• RSSalg best : RSSalg with parameters optimized on test data

(RSSalg best in [3] ) 

RSSalg software encompasses the k -fold-cross evaluation proce-

ure: the dataset is divided in k stratified folds; in each iteration

f the procedure: 

• a different fold f is used for random selection of c 1 + c 2 + . . . +
c l labeled instances as labeled data L , where c i denotes the

number of instances per category i and l denotes the number

of categories; 

• the remaining data from fold f as well as j ( j < k ) adjacent folds

are used as unlabeled data U (the label information for these

instances is disregarded); 

• the remaining k − j − 1 folds are used as test data T . 

With parameters k, j , c 1 , . . . , c l user can control the size of L and

 , as well as the label distribution in L . Our software supports the

ollowing standard metrics for calculating algorithm performance:

ccuracy, precision, recall, and f 1-measure. 

The user manual hosted in the code repository 2 gives a detailed

xplanation on how to use RSSalg software to test the following

eneral traits an SSL algorithm should have 3 : 

T1 Is the algorithm able to improve the performance by us-

ing (only) additional unlabeled data? If so, its performance

should be greater than the performance of L acc . 

T2 Does the algorithm reduce the number of labeled instances

needed for learning while maintaining model quality? If so,

its performance should be close to All acc performance. 

T3 Is the good performance of the algorithm guaranteed? SSL

techniques impose certain assumptions about the data and

can yield poor performance if they are not met [1] . Thus, it

is important to identify the traits a dataset should have for

us to guarantee the good performance of an algorithm. In

the experiments presented in the user manual, we evaluate

the performance of algorithms implemented in our tool on

the set of datasets with different properties (size, dimen-

sionality, and feature redundancy). 

T4 Is there a principal way of establishing the values of al-

gorithm parameters? In the experiments performed in the

user manual, we explore the influence of the number of

feature splits m and the choice of underlying classification

models used in co-training on the performance of algo-

rithms implemented in our tool. 

T5 Does an ensemble perform better than its individual clas-

sifiers on average? Our tool allows us to run RSSalg and

MV on the same m classifiers generated in Random . We

hypothesize that both RSSalg and MV will perform better

than Random . 
2 https://github.com/slivkaje/RSSalg-software/tree/master/docs . 
3 These ready-to-run experiments are hosted in the software code repository 

ttps://github.com/slivkaje/RSSalg-software/tree/master/data . 
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T6 Is the procedure of aggregating votes in RSSalg better than a

simple majority vote? If so, RSSalg will perform better than

MV . 

T7 The voting procedure in RSSalg relies on underlying param-

eters which are automatically tuned using unlabeled data.

How good is this hypothesis, i.e. is it close to the results we

would obtain if we had additional labeled data to optimize

these parameters? If so, the performance of RSSalg will be

close to the performance of RSSalg best . 

The key findings we drew from the performed empirical evalu-

tion are: 

• In all test cases, RSSalg best was the best performing SSL classi-

fier. While it is not a realistic setting (it utilizes test data labels

for determination of parameter values) it shows the potential

of RSSalg [3] . 

• RSSalg is the best performing setting when using SVM as an

underlying classifier in co-training, while MV is the best choice

when using RBF net classifier. When using Naive Bayes, RSSalg

yields somewhat better performance on datasets with higher

feature redundancy, and it is comparable to MV on the rest of

the datasets. 

• Natural performs worse than RSSalg and MV . It is best used

with RBF net. 

• Random was most successful on more redundant datasets with

Naive Bayes. 

• MV, RSSalg , and RSSalg best are robust to the value of m , even

though the performance of Random varies significantly. Their

performance grows as m grows, however, after a certain point

adding more co-training classifiers makes little difference. 

. Benefits of the tool 

RSSalg software is designed to have the following features: 

• Maximally configurable . The user can control all algorithm

parameters and the experiment generation procedure without

changing the current code. 

• Fully reproducible experiments . The software allows the user

to control the random number generator seed which ensures

that the same sequence of random numbers is applied to all

processes that contain randomness. 

• Easily extendable . RSSalg software is designed to be easily ex-

tendable by the usage of strategy design pattern and exposure

of interfaces that allow adding new algorithms, feature-splitting

methods, performance measures and parameter optimization

techniques for RSSalg. 

• Cross-platform . It is implemented in Java and has no outside

dependencies. 

• Easy to install and run . We offer the software in the form of an

executable JAR file with the only prerequisite being the installa-

tion of Java. We also provide an Apache Ant script for building

the project from the source code and running it. 

• User-friendly . Our tool offers the GUI that allows easy experi-

ment specification. 

• Well documented . Along with this manuscript and accompany-

ing user manual, we also provide ready-to-run reproducible ex-

periments which demonstrate the software capabilities. Javadoc

documentation is also available in the code repository. 

. Other available co-training implementations 

Authors of [7] offer the implementation of self-learning and co-

raining in the form of an executable JAR. There are several open-

ource implementations of co-training variants available in MAT-

AB [8,9] and Java [10] . The open-source Java implementations of

https://github.com/slivkaje/RSSalg-software/tree/master/docs
https://github.com/slivkaje/RSSalg-software/tree/master/data
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basic co-training [2] can be found in [10,11] . These implementa-

tions are extremely valuable to the research community. However,

they are not open-source [7] , offer only the variants of co-training

without its basic implementation [8,9] , their implementations re-

lies on non-free software [8,9] , or they are not designed to be

extendable [7–9,11] . RSSalg software is an open-source tool imple-

mented in Java that encompasses basic co-training alongside few of

its single-view variants, the fold-cross experimental design, multi-

ple performance measures and multiple interfaces for the program

extension. It also offers the configuration of algorithm parameters

(without changing the code), ensures the result replicability, has a

user-friendly GUI and complete documentation. 

5. Conclusions 

We have presented a free and open-source tool RSSalg software ,

intended for experimenting with SSL techniques. It encompasses

the implementation of co-training and several of its single-view

alternatives and has a built-in validation procedure for algorithm

evaluation. We have identified important criteria an SSL algorithm

should meet and explained how RSSalg software could be used to

evaluate them. 

Our tool offers many benefits for researchers that wish to im-

plement and test their SSL solutions: it is easily extensible and

configurable, and all experiments are fully reproducible. It is plat-

form independent and easy to install and use. It is accompanied by

a user manual which includes usage examples, a step-by-step tuto-

rial on preparing and running the experiments, a detailed overview

of the software architecture and instructions on how to extend the

software for custom purposes. 
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Appendix A. Required metadata 

Current executable software version 
Table 1 

Software metadata (optional). 

Nr. (executable) Software metadata 

description 

Please fill in this column 

S1 Current software version v1.0 

S2 Permanent link to executables of 

this version 

https://github.com/slivkaje/ 

RSSalg-software/releases/tag/v1.0.1 

S3 Legal Software License GNU General Public License 

S4 Computing platform/Operating 

System 

Portable and platform independent 

S5 Installation requirements & 

dependencies 

Java Runtime Environment 1.7 or 

higher 

S6 If available, link to user manual - 

if formally published include a 

reference to the publication in 

the reference list 

https://github.com/slivkaje/ 

RSSalg-software/tree/master/docs 

S7 Support email for questions slivkaje@uns.ac.rs 
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ppendix B. Current code version 

able 2 

ode metadata (mandatory). 

Nr. Code metadata description Please fill in this column 

C1 Current code version v1.0 

C2 Permanent link to 

code/repository used of this code 

version 

https://github.com/slivkaje/ 

RSSalg-software/releases/tag/v1.0.1 

C3 Legal Code License GNU General Public License 

C4 Code versioning system used git 

C5 Software code languages, tools, 

and services used 

Java 1.7 

C6 Compilation requirements, 

operating environments & 

dependencies 

JRE 1.7 (or higher) and weka.jar 

3.7.0 

C7 If available Link to developer 

documentation/manual 

https://github.com/slivkaje/ 

RSSalg-software/tree/master/docs 

C8 Support email for questions slivkaje@uns.ac.rs 
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