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Abstract:

Product reviews are valuable for upcoming buyers in helping them make
decisions. To this end, different opinion mining techniques have been proposed,
where judging a review sentence’s orientation (e.g. positive or negative) is one of
their key challenges. Recently, deep learning has emerged as an effective means for
solving sentiment classification problems. A neural network intrinsically learns a
useful representation automatically without human efforts. However, the success of
deep learning highly relies on the availability of large-scale training data. I propose a
novel deep learning framework for product review sentiment classification which
employs prevalently available ratings as weak supervision signals. The framework
consists of two steps: (1) learning a representation (an embedding space) which
captures the general sentiment distribution of sentences through rating information; (2)
adding a classification layer on top of the embedding layer and use labeled sentences
for supervised fine-tuning. I explore two kinds of network structure for modeling
review sentences, namely, convolutional feature extractors and long short-term
memory. To evaluate the proposed framework, I construct a dataset containing 1.1M
weakly labeled review sentences and 11,754 labeled review sentences from Amazon.
Experimental results show the efficacy of the proposed framework and its superiority

over baselines.

1 INTRODUCTION:

Crimes are the significant threat to the humankind. There are many crimes that happens regular
interval of time. Perhaps it is increasing and spreading at a fast and vast rate. Crimes happen from
small village, town to big cities. Crimes are of different type — robbery, murder, rape, assault, battery,
false imprisonment, kidnapping, homicide. Since crimes are increasing there is a need to solve the
cases in a much faster way. The crime activities have been increased at a faster rate and it is the
responsibility of police department to control and reduce the crime activities. Crime prediction and
criminal identification are the major problems to the police department as there are tremendous amount

of crime data that exist. There is a need of technology through which the case solving could be faster.
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The Federal Bureau of Investigation (FBI) defines a violent crime as an offense which involves force
or threat [1]. The FBI's Uniform Crime Reporting (UCR) program categorizes these offenses into four
categories: murder, forcible rape, robbery, and aggravated assault. The FBI UCR program defines each
of the offenses as follows: (i) Murder - The willful (non-negligent) killing of one human being by
another. The UCR does not include deaths caused by accident, suicide, negligence, justifiable
homicides and attempts to murder or assaults to murder (which are scored as aggravated assaults), in
this offense classification [2]. (ii) Forcible Rape - Rape is a sexual attack on a female against her will.
Though attempts or assaults to commit rape by threat or force are considered crime under this category,
statutory rape (without force) and other sex offenses are excluded [3]. (iii) Robbery - The taking or
attempting to take anything of value from the care, custody, or control of a person or persons by force
or

threat of force or violence and/or by putting the victim in fear [4]. (iv) Aggravated Assault - It is the
unlawful attack conducted by one person upon another to inflict severe or aggravated bodily injury.
The UCR program specifies that an aggravated assault usually involves the use of a weapon or other
means to produce death or great bodily harm. Attempted aggravated assaults that involves the use of
guns and other weapons are considered to belong to this category because if the assault were
completed, it would have leads to serious personal injury. An offense that involves both aggravated
assault and larceny-theft occurring together, the offense is considered to belong to the category of
robbery [5]. Unfortunate type of crimes to have become common place in the society. Law
enforcement officials have turned to data mining and machine learning to aid in the fight of crime
prevention and law enforcement. In this research, we implemented the Linear Regression, Additive
Regression, and Decision Stump algorithms using the same finite set of features, on the communities
and crime un normalized dataset to conduct a comparative study between the violent crime patterns
from this particular dataset and actual crime statistical data for the state of Mississippi that has been
provided by neighborhoodscout.com [6]. The crime statistics used from this site is data that has been
provided by the FBI and had been collected for the year 2013 [6]. Some of the statistical data that was
provided by neighborhoodscout.com such as the population of Mississippi, population distribution by
age, number of violent crimes committed, and the rate of those crimes per 100K people in the
population are also features that have been incorporated into the test data to conduct analysis.
enforcement officials have turned to data mining and machine learning to aid in the fight of crime

prevention and law enforcement.

2 RELATEDWORK:
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Crime forecasting refers to the basic process of predicting crimes before they occur.
Tools are needed to predict a crime before it occurs. Currently, there are tools used by
police to assist in specific tasks such as listening in on a suspect’s phone call or using
a body came to record some unusual illegal activity. Below we list some such tools to

better understand where they might stand with additional technological assistance.

One good way of tracking phones is through the use of a stingray [35], which is a new
frontier in police surveillance and can be used to pinpoint a cellphone location by
mimicking cellphone towers and broadcasting the signals to trick cellphones within
the vicinity to transmit their location and other information. An argument against the
usage of stingrays in the United States is that it violates the fourth amendment. This
technology is used in 23 states and in the district of Columbia. In ref. [36], the authors
provide insight on how this is more than just a surveillance system, raising concerns
about privacy violations. In addition, the Federal Communications Commission
became involved and ultimately urged the manufacturer to meet two conditions in
exchange for a grant: (1) “The marketing and sale of these devices shall be limited to
federal, state, local public safety and law enforcement officials only” and (2) “State
and local law enforcement agencies must advance coordinate with the FBI the
acquisition and use of the equipment authorized under this authorization.” Although
its use is worthwhile, its implementation remains extremely controversial. A very
popular method that has been in practice since the inception of surveillance is “the
stakeout”. A stakeout is the most frequently practiced surveillance technique among
police officers and is used to gather information on all types of suspects. In ref. [37],
the authors discuss the importance of a stakeout by stating that police officers witness
an extensive range of events about which they are required to write a report. Such
criminal acts are observed during stakeouts or patrols; observations of weapons, drugs,
and other evidence during house searches; and descriptions of their own behavior and
that of the suspect during arrest. Stakeouts are extremely useful, and are considered
100% reliable, with the police themselves observing the notable proceedings.
However, are they actually 100% accurate? All officers are humans, and all humans
are subject to fatigue. The major objective of a stakeout is to observe wrongful

activities. Is there a tool that can substitute its use? We will discuss this point herein.

3.METHODOLOGY:
Volume IX Issuel MAY 2024 www.zkginternational.com 3032




;EET { ¢ INTERNATIONAL ISSN: 2366-1313

Data randomization.

The training examples given may not be in random order, which may produce
misleading results. Therefore, we need to randomize the dataset first before dividing it
into validation subset and training subset. The feature matrix and label matrix are
combined into one extended matrix, and the extended matrix is shuffled. In this way,
the dataset can be randomized efficiently and correctly. Randomization is done once
at the very beginning of the system. Generally, logistic regression is well suited for
describing and testing hypotheses about relationships between a categorical outcome
variable and one or more categorical or continuous predictor variables. In the simplest
case of linear regression for one continuous predictor X (a child’s reading score on a
standardized test) and one dichotomous outcome variable Y (the child being
recommended for remedial reading classes), the plot of such data results in two

parallel lines, each corresponding to a value of the dichotomous outcome.

Parameter tuning:

For simplicity, we use a single validation subset instead of using cross-validation.
After randomizing the training data, the dataset is divided into training subset and
validation subset. The number of examples in validation subset is predefined. The
value of the coefficient B determines the direction of the relationship between X and
the logit of Y. When f is greater than zero, larger (or smaller) X values are associated
with larger (or smaller) logits of Y. Conversely, if B is less than zero, larger (or
smaller) X values are associated with smaller (or larger) logits of Y. Within the
framework of inferential statistics, the null hypothesis states that B equals zero, or
there is no linear relationship in the population. Rejecting such a null hypothesis
implies that a linear relationship exists between X and the logit of Y. If a predictor is
binary, as in the Table 1 example, then the odds ratio is equal to e, the natural

algorithm base, raised to the exponent of the slope f3.

Validations of predicted probabilities. As we explained earlier, logistic regression
predicts the logit of an event outcome from a set of predictors. Because the logit is the
natural log of the odds (or probability/[ 1—probability]), it can be transformed back to
the probability scale. The resultant predicted probabilities can then be revalidated with

the actual outcome to determine if high probabilities are indeed associated with events
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and low probabilities with events. The degree to which predicted probabilities agree
with actual outcomes is expressed as either a measure of association or a classification
table. There are four measures of association and one classification table that are

provided by SAS.

Verification of the Binomial Assumption

As stated earlier, logistic regression has only one assumption: The binomial
distribution is the assumed distribution for the conditional mean of the dichotomous
outcome. This assumption implies that the same probability is maintained across the
range of predictor values. Though none of the eight studies verified or tested this
assumption, the binomial assumption is known to be robust as long as the sample is
random; thus, observations are independent from each other. Samples used in the
eight studies did not appear to be random, nor did they have inherent dependence
among observations. Thus, the binomial assumption appeared to be robust underlying
all logistic analyses conducted by these eight studies. During the last decade, logistic
regression has been gaining popularity. The trend is evident in the JER and higher
education journals. Such popularity can be attributed to researchers’ easy access to
sophisticated statistical software that performs comprehensive analyses of this
technique. It is anticipated that the application of the logistic regression technique is
likely to increase. This potential expanded usage demands that researchers, editors,
and readers be coached in what to expect from an article that uses the logistic
regression technique. What tables, charts, or figures should be included? What
assumptions should be verified? And how comprehensive should the presentation of
logistic regression results be? It is hoped that this article has answered these questions
with an illustration of logistic regression applied to a data set and with guidelines and

recommendations offered on a preferred pattern of application of logistic methods.

4 RESULTS:
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Q ° from sklearn.tree import DecisionTreeClassifier|
from sklearn.linear_model import LogisticRegression
{x} import matplotlib.pyplot as plt
import pandas as pd
o import numpy as np

df=pd.read_csv('/content/drive/MyDrive/communities-crime-clean.csv')
df['highCrime'] = np.where(df[ 'ViolentCrimesPerPop']>8.1, 1, @)

pos=df[ (df['highCrime'] ==1)]
pos_percentage=len(pos}/len(df)
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print('positive instance percentage is
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,neg_percentage)

print('negative instance percentage is

positive instance percentage is ©.6271951831409934
negative instance percentage is ©.3728048168598@657

from sklearn.model_selection import cross_val score

<> from sklearn import tree
initial=pd.read_csv('/content/drive/MyDrive/communities-crime-clean.csv')
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initial.drop('ViolentCrimesPerPop’, 1)

initial

initial = initial.drop('fold', 1)

iy

Fig 1: After connecting to internet package installed succssully.
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from google.colab import drive
drive.mount('/content/drive')

[ ] from sklearn.tree import DecisionTreeClassifier
from sklearn.linear_model import LogisticRegression
import matplotlib.pyplot as plt
D import pandas as pd
import numpy as np
df=pd.read_csv('/content/drive/MyDrive/communities-crime-clean.csv')
df['highCrime'] = np.where(df[ 'ViolentCrimesPerPop']>0.1, 1, @)

[ 1 pos=df[(df['highCrime'] == 1)]
pos_percentage=len(pos)/len(df)
neg_percentage=1-pos_percentage
print('positive instance percentage is ',pos_percentage)

<> print('negative instance percentage is ',neg_percentage)
= positive instance percentage is ©.6271951831409934
negative instance percentage is ©.37280481685900657

[ 1 from sklearn.model_selection import cross_val_score

Connecting to Python 3 Google Compute Engine backend ® X

Fig 2:Installing another package successfully
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Fig 4Final result

5.CONCLUSION:
The objective of this study is to establish the microeconomic indicators which are able

to predict the banking defect. The use of collected financial ratios from the Tunisian
Banks balance sheets shapes our battery of indicators inspired by the CAMEL
typology, from which we wanted to select the ratios that have a strong predictive
power to construct a prevision model of bank defect from it. The use of a vector of
ratios selected from advance by a stepwise regression, like a vector of explanatory
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variables in our logistic model have provided us with satisfactory results with
expected signs and significations. Likewise, the most pertinent ratios in the
explanation of banking defect at the Tunisian banks are the decrease of banking
profitability and the ability of banks to repay their debts which appear to be a high

odd ratio.
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