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Abstract

Due to the pandemic situation it is difficult for student to query about admissions at university or colleges, as they cannot visit the college premises
physically. Proposed research work focuses on processing student online queries related to admission process using text mining techniques. A query
dataset along with the response to the query is developed i.e. query corpus. When students request a query, it is matched with query dataset for similarity.
Here five different similarity measures viz. Jaccard, Cosine, Euclidean, Minkowski and Manhattan similarity measures are used. As per the similarity
measures response is generated for students query. If query did not match with any record in the dataset then it is added to the dataset with response
manually. It is observed that Cosine similarity gives more accurate similarity as compared to other similarity measures which gave approximate similarity
among queries.
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1. Introduction

Covid pandemic has made almost everyone techno
savvy. Due to restrictions on physical movement of people lots
of new challenges have arose. One of them is the admission
process of University and Colleges. As soon as the graduation
results are declared students rush to different colleges or
Universities to find out about programmes offered and
admission process followed by them. Though all this data is
available on the websites of respective universities and
Institutes, students have some queries which are not listed
and needs human interaction to answer. Many colleges have
their chat boats hosted on their websites to provide online
help. But they are not customized to answer local level
language query. For example while asking for admission
process of MCA course the query may be
“What is the process for admission?”, “Admission process”,
“Admission?”, “MCA”, “Admission process keva?”, “Admission
process kaise hoga?” etc. Here a query needs to be mapped
with approximate similarity measures.

Natural language processing is the most interesting area of
research due to ambiguity in the data. Student’s queries are
in natural language which needs to be processed to make it
suitable for applying text mining techniques. Text mining
techniques are popularly used in document classification,
document summarization, short answer analysis etc. One of
the most used techniques of text mining is similarity measures
between two sentences, which involve investigation of
similarity between words of the sentences. Words can be
lexically similar if they have all characters appearing in the
same sequence. String based algorithms can be used for
lexical analysis. In case of semantic similarity, it is knowledge
based similarity. Here semantic networks are used to derive
the similarity measures. This paper addresses both lexical as
well as semantic similarity to map student query’s to query
dataset.

Rest of the paper is organized as: second section focuses
on literature review; third section discusses implementation of
proposed system, and four talks about conclusion and future
extension.

2. Literature Review

Text mining plays an important role in natural language
processing. It helps in interpreting the meaning, context ,
similarity etc. of the sentence or paragraph or a whole article.
A number of researchers have carried out in-depth survey of
text mining techniques (Kaushik A, et al. 2016; Ramya R. S,
et al. 2017). Text mining techniques are also used to search
about particular learning approach presence, in set of
research articles ( Salloum S. A, et al. 2018). Text mining
tools are also successfully used in retrieving experiences from
similar cases in effective designing of green buildings. (Shen
L, etal. 2017). Automation of text analysis can help in speedy
analysis of huge number of textual reports for geological
knowledge extraction (Holden E. J, et al. 2019). Text mining
also has great application in Science & technology and
innovation in extending the quantitative methods applied there
(Ranaei S, et al. 2019).

Text similarity is subpart of text mining which deals with two
types of similarities. First one is lexical similarity, where two
pieces of text are matched without considering their meaning;
it is just word to word matching. Second semantic similarity
considers the meaning of the words while calculating similarity
matrix. Semantic technology can also be used in identifying
academic content similarity (Saquicela V, et al. 2018).
Semantic similarities technique is also to develop patent lane
(Niemann, et al. 2017). Semantic similarity among contextual
words and informative words in knowledge graphs using
knowledge based as well as corpus based similarity is
proposed by (Zhu G, 2018). Semantic similarity alone cannot
be used at high level of information retrieval which requires
combination of relevance and semantic similarity. A hybrid

model incorporating both relevance and semantic similarity
has been proposed by (Rao, J, et al. 2019). Text mining tools
are also successfully used in Bioinformatics domain for
extracting protein-protein binding site residues from PubMed
abstracts. ( Badal, V. D, et al. 2018). Text mining techniques
are also used to investigate ability of artificial intelligent agents
in answering queries (Hassanzadeh O, et al. 2019)

3. Experimental Work

This research work focuses on analysing student’s queries
using text similarity approach of text mining.

Text similarity algorithms are used to determine how close two
queries are. Similarity is measured using both lexical and
semantic similarity. Following fig shows the algorithm used in
calculating the similarity between queries.

Figure 1

Algorithm for query similarity
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To start with first an exact match algorithm is applied on the
query without stop word removal. If it matches then similar
query's response is displayed as target query response.
Figure 2

Snapshot of code and output for exact match algorithm
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lemmatizer = nltk.sten.wordnet.WordhetLemmatizer()

def partial match(x, y):

r query in dataset:

exact_match(target_query, query), quer:

if pos
lemnge y = [lematiz
n for MCA progran? if pos = wordnet.

r

i0 - Temze_x) .union(lemmae y}))
return (ratio > @

for query in dataset:

facility available on

atch methods target query sequence is compared
with each dataset query sequence for exact word to word
match, if the sequence order differs then the response is not
generated. Sentences are not considered equivalent.

E.g. “Process for MCA admission”

“MCA admission process” [(Tree, *
Though the meaning of the above queries is same but [{True, *
sequence of words differ so they will not be considered
equivalent. As seen in the output no queries are matched with

canpus?

[(False, "Ma

tudents for MCA program
for WA pr
udents for MCA pr
ion for HCA Pry
t adnission for MCA Program?')]

ou do you fill up seats?')]

target query. ) As we see in the above fig.3 after using the Jaccard similarity
If the response is not generated for exact match algorithm measure it gave good results. As per the output generated by
then approximate sentence matching algorithms are applied Jaccard similarities, following table shows the similar queries.
on the dataset. In the first phase query pre-processing is

carried out where stop words are removed. Stop words Table -1

removal does not change the meaning of the sentence as they
are common words like this, the, are etc.

In the second phase target query and dataset query are split
into words called tokens. This process helps in interpreting the
meaning of the sentence by investigating the words
sequence. In third phase stemming and lemmatization is
done. Once the queries are pre- processed similarity
algorithms are applied to generate responses. Here Jaccard,
Cosine, Euclidean distance, similarity algorithms are used to
measure the similarity.

Jaccard similarity index is used for equivalence of the queries.
Here lemmatization is already performed on queries as part

Jaccard similarity based similar queries
Target query
"How many seats are reserved for category students for
MCA program?"
Similar queries:
1. How many seats are reserved for NT-C
category students for MCA program?
2. How many seats are reserved for NT-B
category students for MCA program?
3. How many seats are reserved for NT-D
category students for MCA program?

of pre-processing so directly Jaccard algorithm can be 4. How many seats are reserved for VJ-A

applied. Jaccard similarity is defined as size of intersection of category students for MCA program?

target and dataset queries, divided by size of union of target 5. How many seats are reserved for ST category

and dataset queries. Following fig. 3 shows the screen shot students for MCA program?

of the code and output generated using Jaccard similarity 6. How many seats are reserved for OBC

index. category students for MCA program?

Figure 3 7. How many seats are reserved for other
university students for MCA program?

Snapshot of code using Jaccard similarity 8. What if category students are not available for
admission for MCA Program, how do you fill up
seats?

Next Cosine similarity method is used on the same dataset
and target query. Here similarity is measured by the cosine of
the angle between two sentences (word vectors) and
determines whether two sentences are pointing in
approximately the same direction. Following figure shows the
part of code and output generated.

Figure 4
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Snapshot of code using cosine similarity
a_set = {w for w in a_list if not w in sw}
b_set = {w for w in b_list if not w in sw}

rvector = a_set.union(b_set)
for w in rvector:
if w in a_set: 11l.append(1)
else: 11.append(@)
if w in b_set: 12.append(1)
else: 12.append(@)

c formula
for i in range(len(rvector)):
c+= 11[171*12[1]
cosine = ¢ / float((sum(l1l)*sum(12))**@.5)
print("similarity: ", cosine)

similarity: ©.488248290463863

similarity: ©.14907119349998589
similarity: ©.16666666666566666
similarity: @.35355339085932738
similarity: ©.9486832930585138
similarity: @.948633293808585138
similarity: @.94868329808585138
similarity: ©.9486832930585138
similarity: ©.9486832980505138
similarity: @.9486332988585138
similarity: ©.83833338388888388
similarity: ©.5825189087629606

similarity: @.21881851@67729155
similarity: ©.1849000654284897
similarity: ©.1849@00654084097

cimilaritv- @A 140A7110R4000R5GG

Following graph fig. 5 shows the number of records matching
the target query using cosine similarity

Figure 5

Cosine similarity graph
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As we see in the above fig.3 after using the Jaccard similarity
measure it gave good results. As per the output generated by
Cosine similarity matrix, following table -2 shows the similar
queries.
Table-2
Training of Neural Networks
Target query
"How many seats are reserved for category students for
MCA program?"”
Similar queries:
1. How many seats are reserved for NT-C
category students for MCA program?
2. How many seats are reserved for NT-B
category students for MCA program?
3. How many seats are reserved for NT-D
category students for MCA program?
4.  How many seats are reserved for VJ-A
category students for MCA program?
5. How many seats are reserved for ST category
students for MCA program?
6. How many seats are reserved for OBC
category students for MCA program?
7. How many seats are reserved for other
university students for MCA program?

Now we apply Euclidean distance similarity on the same
dataset. This distance is based on Pythagoras theorem. It the

two queries are similar then then Euclidean distance is 0.
Following figure shows the part of code and output generated
using Euclidean distance measure for similarity.
Figure 6

Snapshot of code using Euclidean distance

print("Euclidean Distance between source and target is :")
pl=np.array(11)

p2=np.array(12)

sum_sg=np.sum(np.square(pl-p2))

print (np.sqrt (sum_sq))

Distance between source and target is :
3.8

Distance between source and target is :
3.4641816151377544

Distance between source and target is :
3.3166247983554

Distance between source and target is
3.3166247983554

Distance between source and target is :
1.8

Distance between source and target is :

Distance between source and target is :
1.8
Distance between source and target is :
1.8
Distance between source and target is :

Distance between source and target is :

1.e

Distance between source and target is

1.4142135623720951

Distance between source and target is :

3.1622776601683795

Distance between source and target is :

3.872983346207417

Distance between source and target is :

4.242648687119285

Distance between source and target is :

4.242648687119285

Distance between source and target is :
Figure 7
Euclidean similarity graph
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The output generated by Euclidean distance similarity is
same as cosine similarity as shown in table -2. Here there are
six queries with Euclidian distance 1.0 and one with 1.42
score. Figure 7 shows the graphical representation of
similarity score using Euclidean distance.

In hunt for better similarity we applied Minkowski distance and
Manhattan distance measure to the dataset. Figure 8 shows
the source code of Minkowski algorithm and figure 9 shows
the output plotted on graph.

Figure 8

Snapshot of code using Minkowski distance

def my_p_root(value, root):
my_root_value = 1 / float(root)
return round (Decimal(value))

def my_minkowski_distance(x, y, p_value):
return (my_p_root(sum(powu(abs(a-b), p_value)for a, b in zip(x, y)), p_value))
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print("Minkowski Distance between source and target is :")

print(my_minkowski_distance(l1, 12, 3))

Minkowski Distance between source and target is :
Minkowski Distance between source and target is :
Minkowski Distance between source and target is :
11
Minkowski Distance between source and target is :
11
Minkowski Distance between source and target is :
Minkowski Distance between source and target is :
1
Minkowski Distance between source and target is :
1
Minkowski Distance between source and target is :
Minkowski Distance between source and target is :
1
Minkowski Distance between source and target is :
1
Minkowski Distance between source and target is :

Minkowski Distance between source and target is :

Minkowski Distance between source and target is :
15

Figure 9
Minkowski similarity graph
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Here Figure-10 shows the source code of Manhattan distance
algorithm and figure-11 shows the output plotted on graph.
Manhattan distance is the absolute sum of the difference
between the x and y coordinates of each data point. Formula
implementation is shown in figure-10 below.
Figure 10
Snapshot of code using Manhattan distance
def manhattan_dist(x, y):

return sum(abs(a-b) for a, b in zip(x,y))

print({“Manhattan between :")

print(manhattan_dist({l1, 12))

Manhattan between

Manhattan between
1z
Manhattan between
11
Manhattan between
a1
Manhattan between

Manhattan between
1

Manhattan between
1
Manhattan between

Manhattan between
Manhattan between
i

Manhattan between
2

Manhattan between
1e

Manhattan between
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Manhattan between
iz

Manhattan between
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Here in figure-9 and figure-11it is observed that output
generated by both Minkowski and Manhattan distance
measure is exactly same. The 7" query of the table-2, has
similarity measure 2 using both Minkowski as well as
Manhattan distance measure. Euclidean distance gave 1.41
as similarity score and Cosine similarity gave 0.88 as similarity
index for the 7" query. But Jaccard similarity gave 8 similar
queries which is very lenient mapping of query.

It can be observed that all five similarity measures viz.
Jaccard, Cosine, Euclidean, Minkowski and Manhattan
distance give good results. But Cosine similarity gives more
accurate similarity as compared to all other similarity
measures in this experiment. The cosine similarity gives
better results as, if two queries are quite far by Euclidean
distance; there are chances that they may still be closely
oriented. Queries with similarity value 1 or near 1 are
considered to have high similarity value i.e. If the angle is
small then cosine similarity is high.

After applying similarity measures if the query did not have
any approximate similarity then it is added to the query
dataset along with the intended response.

4. Conclusion

In our study a query corpus is developed with query and
related responses. Domain of the research work is limited to
student queries related to admission process. In the previous
work we could classify the student query in to three categories
i.e. admission, placement and fees. This work is in
continuation with the previous work. Here corpus is developed
with three different FAQ based datasets viz. admission,
placement and fees. Once the query is requested by the
student it is classified in to its respective category as stated
above. After classification, entered query is matched for
similarity with its respective query dataset. Here we have
used five types of sentence similarity measures to compute
the similarity matrix. We could conclude that Jaccard similarity
gives lenient approximate matching whereas Cosine,
Euclidean, Minkowski and Manhattan distance similarity gives
strict approximations results. For student query mapping
Cosine similarity gave good results.
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