Lab Classes in Chemistry Learning an Artificial
Intelligence View

Margarida Figueiredo', M. Lurdes Esteves', José Neves?, and Henrique Vicente'

! Departamento de Quimica e Centro de Quimica de Evora,
Universidade de Evora, Evora, Portugal
{mtf,m4233, hvicente}@uevora .pt
? Departamento de Informética, Universidade do Minho, Braga, Portugal
jneves@di.uminho.pt

Abstract. The teaching methodology used in lab classes in Chemistry Learning
was studied for a cohort of 702 students in the 10" grade of Portuguese Second-
ary Schools. The k-Means Clustering Method, with k values ranging between 2
(two) and 4 (four), was used in order to segment the data. Decision Trees were
used for the development of explanatory models of the segmentation. The re-
sults obtained showed that the majority of the answerers considered that expe-
rimentation is central on Chemistry learning, The results also showed that
the significance of research in Chemistry leaming is strongly dependent on the
students’ involvement in lab work.
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1 Introduction

In the Society of the XXI century, the scientific and technological knowledge stand,
unquestionably, to its development. In order to surpass this challenge, the teaching of
Sciences, in general, and of Chemistry, in particular, points to general objectives,
independently of the level of education that must be attained, i.e., in the one hand the
acquisition of a scientific attitude, the development of reasoning skills, analytical
capabilities, critical and inventive thinking should be highlighted. On the other hand,
the importance and the implication of Science in Society should also be valorised.
The achievement of these goals depends more on a solid scientific background than
on a very specialized teaching or on the acquisition of technical knowledge, swiftly
out-dated. Thus, in the future, the emphasis in teaching must be placed on developing
skills and not on the transmission of knowledge. The student cannot be a passive ele-
ment in the teaching-learning process. Instead, the student must be an active and pro-
active element in his/her own education.

Undeniably, nowadays, there is a lack of interest among students in learning
Chemistry [1]. This fact may be related with the kind of education provided. Indeed,
there is a tendency to reduce the teaching of Chemistry to its formal aspects, i.e., to a
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mathematical overview of the theme. This trend may be blameable for Chemistry being
regarded as a hard subject to tackle and, therefore, answerable for the decrease of the
number of students attending Chemistry courses. However, Chemistry, like other
Sciences, has a powerful instrument to promote meaningful learning — The Lab Work.

In the traditional instruction of the sciences predominate the lectures with the aim
to ““deliver” ideas or information from the teacher to the students [2]. However, for
the study of most topics in science this method is inappropriate, and the theoretical
lectures are not enough. Indeed, lab work has a long-established and fundamental role
in Chemistry teaching, something that has been acknowledgeable for the last three
centuries [3,4,5,6,7,8,9,10]. Nevertheless, only since the nineteenth century, lab work
has been officially included in the curricula of Sciences, regardless of the denomina-
tion adopted. However, doubts were sometimes raised about its importance as a
means for promoting significant learning of Chemistry [11,12]. What function should
lab work play in such a teaching process? Should lab work continue to be carried out
in a traditional manner or should it assume other characteristics according to other
roles?

Although it is not a consensual opinion, many authors consider that lab work repre-
sents a fundamental resource in the teaching of Science [13], and different types of
lab work with different objectives, leading to dissimilar learning outcomes, should be
carried out [4] [14]. The methodology that most limits the role of the student is to
carry out demonstrations done by the teacher, followed by an explanation of the prac-
tises, in which the student merely observes. Although this methodology is very
limited in terms of learning, it is still used in some schools, due to the shortage of
material resources. In these cases the students have no opportunity to develop any of
the skills usually presented as advantages to adopt the realization of lab work in
schools. A second type of practice consists in carrying out the lab work by students
according to recipes executed in succession. Students focus their thoughts on finish-
ing one step after another and many times they do not develop a deeper understanding
of the experiments. For many students lab work means just working, handling labora-
tory equipment, not including, generally, the development and the understanding of
scientific thinking [4]. In a third type of methodology the students perform lab work
autonomously by planning and executing the work. According to Killerman [15] the
students that conducted experiments by themselves were very enthusiastic about work
and more motivated for the subject.

Some studies confirm that laboratory based learning quality has increased as stu-
dents have an active role in the process of gaining knowledge [4] [16,17]. There are
several methods that allow one to explore this type of learning, like class research
seminars, problem based learning, case studies, project-based learning, role playing,
cooperative and cooperation learning, group debate, development of mind maps, ex-
perience based learning, just to name a few.

In this study we intend to find a response to the following question: Does the
achievement of lab work by students in the classes of chemistry increase their learning?

In the present study, Knowledge Discovery from Databases (KDD) was the strat-
egy followed to treat results. The designation KDD refers to a process that involves
the identification and recognition of patterns in a database, in an automatic way, i.e.,
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obtaining relevant, unknown information, that may be useful in a decision making
process, without a previous formulation of hypothesis [18,19].

In terms of analysis of data, another question may be formulated: Will the Data
Mining approach allow a deeper analysis of the results when compared with a con-
ventional approach like the analysis of frequencies of responses?

2 Methods

2.1 Sample

A total of 702 students from the 10* grade were enrolled in this study. They come
from secondary schools located in the north of Portugal (district of Braganca), centre
(district of Castelo Branco), and south (districts of Beja, Evora and Faro). The dis-
tricts of Beja, Braganga, Castelo Branco and Evora are sitvated in the interior region
of the country, while the remaining one is located in the coastal line. Table 1 shows
the characterization of the sample in terms of age, gender, grade and district. A perus-
al of Table 1 reveals that 45.0% of students are male and 55.0% are female. Concern-
ing the students’ age, 83.3% of them did not exceed 16 (sixteen) years old, which
suggests that the grade repetition levels are low. The geographical location seems not
to influence the results, since the percentage of this class of students varies between
79.9% (district of Braganga) and 88.5% (district of Castelo Branco).

2.2 Procedure

In order to fulfill the goals defined so far, an adaptable tool to data collection was
essential, with the potential to be used in a wide geographical area and on time
[20,21]. After considering and analyzing the advantages and limitations intrinsic to
the various techniques available, a practice based on the inquiry by questionnaire was
chosen [22]. This instrument has a well-defined structure and allows for the informa-
tion conveyed in a conversion reported by the answerers, to be considered in a quan-
titative fashion. The questions included in the questionnaire were planned, on the one
hand, to allow for the gathering of information on the learning methodologies fol-
lowed in the lab classes and, on the other hand, to scrutinize the influence of such
methodologies in Chemistry learning. The questions were organized into 3 (three)
main categories, namely the characterization of the lab classes of Chemistry, the cha-
racterization of post-lab work, and the importance of experimentation in Chemistry
learning. The former group include questions such as Who does the lab work?; How
are the students organized in the lab classes?; and Which is the basis of the lab
work?. The second one comprises the question What type of post-lab work is done?;
and the latest includes the question What is the importance of experimentation on the
learning of Chemistry?. In each question students may choose one of the proposed
answers. Taken as example the last question, the options are Very high, High, Mod-
erate, Low and Very low. For the remaining questions the answers options may be
found in Figure 1.
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Table 1. Assessment sample in terms of age, gender, grade and district

District . Age Gendec
<15 15 16 17 >17 F M
Beja®™”* 0 71 52 17 10 89 6l
Braganca®’ 0 43 68 21 7 75 64
Castelo Branco™ 0 62 46 11 3 64 58
Evora®™” 1 52 43 15 9 66 54
Faro™* 0 8 58 8 16 92 79
Numeric total 1 317 267 72 45 386 316

Percentagetotal =0 453 380 103 64 55.0 450
Portugal regions — * north; ° centre; © south; * interior; * coastal

The validation of the questionnaire respects the practices recommended by Bell
[23]. Subsequently, the questionnaire was evaluated by a group of experts that sug-
gested some amendments. As soon as these revisions where done, the questionnaire
was applied to a small group of students not included in the sample, to check internal
consistency of the questionnaire and to identify possible difficulties in the interpreta-
tion of the questions,

2.3 Data Analysis

Before attempting the Data Mining modelling, the data was pre-processed. The in-
complete questionnaires (missing an answer to at least one question) or those that
exhibited invalid answers (two or more options marked for the same question) were
discarded.

Clustering Analysis. Clustering is one of the most appropriate assignments on the
data-mining phase for uncovering groups and identifying interesting distributions and
patterns in data. The k-means clustering method [18,19] is one of the most efficient
and popular partitioning clustering algorithms. Clustering models focus on identifying
groups of similar objects, and label the objects according to the group to which they
belong. This is done without the use of prior knowledge about the groups and their
characteristics. These models are often referred to as unsupervised learning models,
since there is no external standard by which to judge the models’ performance. Their
value is determined by their ability to capture thought-provoking grouping in the data
and provide useful descriptions of those assemblages.

The basic idea in the k-means clustering method is to try to discover k clusters, ac-
cording to the requirements;:

* each cluster must contain at least one object; and
¢ each object must belong to exactly one cluster.

The k-means algorithm input parameters stand for the number of clusters, k, and a
data set, D, with n objects. As soon as the algorithm is enforced, it selects, randomly,
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k points that denote the initial centers of the clusters, being the objects assigned to the
cluster to which they are akin, which is done according to the Euclidean distance be-

the number of clusters, k, that here ranged from 2 (two) to 4 (four). k values greater
than 4 (four) were also tested. In these cases some clusters comprise a reduced num-
ber of objects and, therefore, these models are not presented in this work,

Decision Trees and Extraction Rules. In order to generate an descriptive model for
the clusters so far shaped, Decision Trees (DTs) were used. DTs have many attractive
features, such as allowing human interpretation, and hence making it possible for a
decision maker to gain insights into what factors are critical for a particular classifica-
tion process. DTs adopt a branching structure of nodes and leaves, where the know-
ledge is hierarchically organized. Each node tests the value of a feature, while each
leaf is assigned to a class label. The basic strategy employed to generate DTs is the
so-called recursive partitioning or the divide-and-conquer approach to problem soly-
ing. It works by partitioning the examples by choosing a set of conditions on an inde-
pendent variable, such that an error on the dependent variable is minimized within
each group. The process continues recursively inside each subgroup until certain con-
ditions are met, like the ones where the error cannot be further reduced (e.g. where all
instances in a group belong to the same class) [19]. Sometimes, it is useful to build a
rule-based classifier by extracting IF-THEN rules from the DTs. The rule is created at
each path, from the root to a leaf node. Each splitting criterion along a given path is
logically ANDed to form the rule antecedent (the IF part). The leaf node holds the
class prediction, forming the rule consequent (the THEN part).

The DT algorithm used in this study was the J48 as implemented in WEKA [25].
This J48 implements the 8" revision of the commonly known C4.5 algorithm. A de-
scription of the J48 algorithm can be found in Witten & Frank [18].

3 Results

3.1  Database

Building upon the questionnaires answers, a database was built with a total of 5 (five)
fields, with 702 (seven hundred and two) valid records. The frequencies of answers to
each inquiry are presented in Fig. 1, and expose that only a few answerers indicated
that is the teacher that does the lab work. A significant majority of the answerers also
claim that the lab work is developed from experimental guidelines, and that the post-
lab work consists on the elaboration of written reports. The analysis of Fig. 1 also
denotes that the overwhelming majority of the answerers acknowledged that experi-
mentation is essential to learn Chemistry.
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Fig. 1. Frequencies of the answers given to each question by the answerers

In order to examine if the answers to the questionnaires are influenced by the geo-
graphical location of the schools, an attempt was made to relate the student’s replies
to the questions presented above, within the various districts. The results show that
the answers are not influenced by the geographical location of the schools and, there-
fore, may be analyzed together.

3.2 Segmentation Models — Assessment and Interpretation

Regarding the responses obtained in the questionnaire, the analysis of Table 2 shows
that the £ = 3 and the k = 4 clustering models are quite similar. The main difference is
the division of cluster 2 (two) of the £ = 3 clustering model into cluster 2 (two) (with
140 objects) and cluster 4 (four) (with 172 objects), into the k = 4 clustering model.
Table 2 further reveals that cluster 1 (one) includes only students who claim that the
lab classes are developed from tentative situations. Regarding cluster 3 (three), this is
made upon students that assert that exclusively themselves do the lab classes. The
splitting of cluster 2 (two) (model of three clusters) into two clusters (model of four
clusters), enable to group a part of the students that reported that the lab classes are
done sometimes by themselves and occasionally by the teacher, into cluster 4 (four).
With respect to the model of two clusters, a glance of Table 2 shows that cluster 1
(one) was formed by the students that claim that the classes lab are done always by
themselves, while cluster 2 (two) comprises the students that reported the opposite.

3.3  Explanatory Models of Segmentation

In order to generate explanatory models of segmentation (i.e. seeking to establish
rules for assigning a case to a cluster), Decision Trees (DTs) were used. To ensure
statistical significance of the attained results, 20 (twenty) runs were applied
in all tests, being the accuracy estimated using the holdout method. Thus, in each
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simulation, the available data is randomly divided into 2 (two) mutually exclusive
partitions, i.e., the training set, with two-thirds of the available data and used to con-
struct the models, and the test set, with the remaining of the examples being used after
training, in order to compute the accuracy values [18]. The DTs obtained are shown in
Fig. 2. The rule to assign a case to cluster 1 (one) is “The basis of lab work is Experi-
mental Problems”. To allocate a case to cluster 2 (two) there are twofold rules. The
former sets that The basis of lab work is Experimental Guidelines and the lab work is
done by Teacher, while the latest sets that The basis of lab work is Experimental
Guidelines and the lab work is done sometimes by the Students and sometimes by the
Teacher. Finally, the rule to assign a case to the cluster 3 (three) stands for The basis
of lab work is Experimental Guidelines and the lab work is done by the Students.

A common tool for classification analysis is the coincidence matrix (also known as
confusion matrix) [18,19], a matrix of size L x L, where L denotes the number of
possible classes. The matrix is built by matching the values predicted by the model
(rows) with the actual values (columns). The coincidence matrixes, presented in Table
3, reveal that the accuracy of the DT displayed in Fig. 2 is 100% for both training and
test sets.

Table 2. Answers cbtained on the questionnaire split by issues and by clustering models

Who does the lab work?
k=2 k=3 k=4

Cluster Cluster Cluster

1 2 1 2 3 1 2 3 4
Students 33200 63 0 269 63 0 269 0
Students and teacher 0 322 47 2715 0 47 103 0 172
Teacher 0 48 11 37 0 11 37 0 0

How are the students organized in the lab classes?

Cluster Cluster Cluster

1 2 1 2 3 1 2 3 4
Groups of 3 students o4 79 32 68 74 32 03 74 37
Groups of 4 students 165 179 53 154 136 53 69 136 85
Different groups 73 112 36 90 59 36 40 59 50

Which is the basis of the lab work?

Cluster Cluster Cluster

1 2 1 2 3 1 2 3 4
Experimental guidelines 269 312 0 312 269 0 140 312 172
Experimental problems 63 58 1210 0 121 0 0 0

What type of post-lab work is done?

Cluster Cluster Cluster

1 2 1 2 3 1 2 3 4
Worksheets 33 48 17 39 25 17 5 25 34
Written reports 263 277 79 244 216 79 131 216 113
Both 36 45 25 29 28 25 4 28 25

The values displayed denote the average of 20 (twenty) runs
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Fig. 2. An explanatory decision tree of the segmentation model

Table 3. The coincidence matrix created by matching the clusters predicted by the model
(rows) with the actual clusters (columns)

Training set Test set
Cluster 1 Cluster 2 Cluster 3 Cluster 1 Cluster 2 Cluster 3
Cluster 1 93 0 0 28 0 0
Cluster 2 0 217 0 0 95 0
Cluster 3 0 0 170 0 0 99

The values displayed denote the average of 20 (twenty) runs

4 Discussion

In order to evaluate the influence of the teaching methodology followed in the lab
classes on the weight attributed by the answerers to experimentation in Chemistry, the
graph presented in Fig. 3 was conceived. The strength of the relationships between
clusters and answers is visible on the type of connections. It shows that regardless of
the cluster to which the answerers are assigned, the majority of applicants consider
that the significance of experimentation in Chemistry learning is Very high or High.
Other possible answers like Moderate, Low or Very low are negligible, once to them
are assigned less than 2% of answers. However, a further analysis shows that the
highest percentage of answerers, assuming that the significance of experimentation in
Chemistry learning is Very high, belongs to cluster 1 (one), i.e., the answerers that
state that lab classes are based on tentative situations form this cluster. Another inter-
esting point is related to the fact that no answerers allocated in cluster 1 (one) have
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endorsed the responses Very low or Low, Only a small percentage (< 0.5%) answered
Moderate. Concerning cluster 2 (two), based on the answerers whose lab classes are
built on experimental guidelines and the lab work is not done exclusively by the stu-
dents, the percentage of most positive responses (Very high and High) are quite simi-
lar, and the percentage of less positive and negative responses (Moderate, Low and
Very low) is higher than in the other clusters. Regarding cluster 3 (three), that includes
the answerers whose lab classes are based on experimental guidelines and the lab
work is done exclusively by the students, the results are similar to that obtained for
cluster 1 (one) in terms of the positive responses, although exhibiting lesser percen-
tages.

This result may be related with the development of higher level skills associated
with the inquiry and the planning of the lab work, which are not present in the lab
classes based on experimental guidelines. According Hofstein [26], the appropriate
laboratory activities can be effective in promoting cognitive skills, metacognitive
skills, practical skills, and attitude and interest towards chemistry, learning chemistry,
and practical work in the framework of chemistry learning.

Veryhigh

— =TES% — — —=5R3% ., 240.0% A < 50.0%
TR 71 5L ) N — 20.5%

Fig. 3. Relationships between clusters and the percentages of answers to questions like Which
is the importance of experimentation in the learning of Chemistry?

5 Conclusions

In section 3.1 some preliminary results, based on the analysis of the frequencies of the
answers given by the applicants in this study, were built. This type of analysis showed
that the overwhelming majority of the answerers claim that experimentation is impor-
tant for Chemistry learning. However, this analysis was unable to discriminate the
opinions expressed by the answerers according to the type of the teaching methodol-
ogy used in the lab classes. Therefore, it was not possible to conclude about the
methodology that, in the cpinion of the answerers, promotes Chemistry learning and
contributes to increase the student’s motivation to study this subject.
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The data mining approach using k-means clustering models presented in this study,
allowed a deeper analysis of the results (sections 4.1 and 4. 2). Indeed, this method of
analysis enabled one to identify the methodology to teach Chemistry that leads to a
more effective learning.

The encouraging results obtained in this work show that Artificial Intelligence
based tools can be very useful to improve the teaching methodologies in order to op-
timize the teaching and the learning of Chemistry or other subjects.
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