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Abstract- Hate speech has turned out to be a prime difficulty this is presently a hot subject matter around social media. concurrently,
modern-day proposed techniques to address the difficulty increase issues approximately censorship. Extensively speaking, our
research recognition is the location human rights, which includes the development of new strategies to pick out and higher deal with
discrimination while shielding freedom of expression. As neural network procedures have become state of the artwork for text
category troubles, an ensemble technique is customized for utilization with neural networks and is offered to better classify hate
speech. Our technique makes use of a publicly available embedding version, that is examined against a hate speech corpus from
Twitter. To verify robustness of our results, we additionally check towards a famous sentiment dataset. Given our goal, we're pleased
that our method has a nearly 5-point improvement in F-measure whilst in comparison to unique work on a publicly to be had hate
speech evaluation dataset. We additionally note problems encountered with reproducibility of deep getting to know techniques and
contrast of findings from other work. Based on our revel in, greater information is needed in posted paintings reliant on deep
mastering methods, with extra assessment records a attention too. This record is provided to foster discussion inside the studies
network for destiny paintings.

Index Terms- Hate Speech, Reproducibility, Text Classification

1. INTRODUCTION

ur studies are targeted on the improvement of better methods for safety of freedom of expression in the net area and social media

while simultaneously decreasing unlawful discrimination. Motivation is supplied by means of the fundamental human rights (as
outlined in articles 19 and 20 of (The United international locations, 1948) and (The United Nations well-known assembly, 1966))
which concurrently provide rights to freedom of expression and save you censorship and unlawful discrimination. Automated take
down strategies doubtlessly infringe upon rights to freedom of expression, along with while a text classifier incorrectly flags a web
page or submit as something to be taken down. Hate speech classifiers are based totally on annotation techniques which can be very
difficult to outline, with questionable reliability (Ross et al., 2017). Even a manual takes down technique, which includes that used by
fb, is a tough taskl.
Censorship is an ability risk whilst addressing these troubles with computerized text classification methods, hence all options should
be considered (Benesch, 2017). movements to filter and block content material (e.g. lately implemented legal guidelines in Germany
and by using systems including Twitter and fb) deemed to be hateful and / or threatening to the web community and society as entire
were taken, that's having terrible consequences?2.
The goal of our paintings is to find out simple however powerful strategies to improve upon existing research in the area of hate
speech category. those methods may be useful in our broader research which tests mechanisms that provide users with comments
approximately their intake of probably hateful fabric, with the intent of changing their conduct thru consciousness as a possible
opportunity to law. We consist of a preliminary investigation of current methods for types of abusive and hateful speech within the
domain of Twitter. Moreover, we check out strategies from the area of sentiment evaluation, as the category project is further
subjective and offers a bigger body of studies. Our contributions are as follows.

o Experimental results for a deep getting to know ensemble approach that improves F-measure 2% over nonensemble processes
and a nearly five% increase over hand crafted techniques from authors of a hate speech dataset.

e We provide guidelines for destiny work with the aid of the studies network on text class problems inclusive of hate speech
and suggestions for researchers the usage of deep getting to know techniques. The recommendations are influenced via
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discovery of inconsistencies in evaluation strategies and a lack of element for strategies used in previous research that
became reviewed for our work.

In the following sections, we offer related historical past work, techniques of implementations, consequences, and evaluation of
findings.

2.BACKGROUND

While research of hateful phrases in a dictionary is one viable technique (Tulkens et al., 2016) to filter hateful content material, such
strategies are deemed insufficient (Saleem et al., 2016). textual content type techniques demonstrate lots higher results.

Ensemble fashions have proven promising results in lots of areas of system studying and different fields as well (see (Molteni et al.,
1996), an example from atmospheric sciences). Ensemble techniques for textual content category, which include stacking and
bagging, are typically used methods (Aggarwal and Zhai, 2012; Xia etal., 2011). in the region of social media, easy but powerful
ensemble techniques had been used for sentiment category of Tweets (Hagen etal., 2015). maximum applicable to our experiments
with neural networks and Twitter statistics are hybrid models (Badjatiya et al., 2017; Park and Fung, 2017) which integrate outputs
from specific neural networks.

In latest years, green algorithms have been produced (Mikolov et al., 2013b; Mikolov et al., 2013a; Pennington et al., 2014) that have
allowed the use of word embeddings as features for neural networks and different algorithms (e.g. Logistic Regression). There are a
couple of pre-educated word embedding models to be had, trained in domain names inclusive of news articles (Mikolov et al., 2013b)
and Twitter (Godin et al., 2015; Pennington et al., 2014). those unsupervised techniques and models have produced sizable upgrades
in downstream supervised NLP and textual content type duties.

those new methods have allowed for great upgrades in opposition to previous SemEval3 message stage Twitter sentiment evaluation
test units (Severyn and Moschitti, 2015; Stojanovski et al., 2015; Vosoughi et al., 2016; Yang and Eisenstein, 2017). similar upgrades
were proven (Badjatiya et al., 2017; Gamb“ack and Sikdar, 2017; Park and Fung, 2017) the usage of the recently posted hate speech
datasets (Waseem and Hovy, 2016;Waseem, 2016)four and notice two of the 3 methods mentioned fail to provide an immediate
comparison to authentic findings as test sets have been break up in a specific manner. For all strategies reviewed, restricted
information (if any) changed into supplied regarding community weight initialization schemes, which our experiments reveal as
essential data for reproducibility functions. similar issues concerning information of neural community configurations have lately been
raised within the facts retrieval community as well (Fuhr, 2017). although, use of neural networks and embedding strategies is well
worth exploration with the aid of NLP and textual content mining researchers, because the paintings of (Badjatiya et al., 2017;
Gamb“ack and Sikdar, 2017; Park and Fung, 2017; Severyn and Moschitti, 2015; Stojanovski et al., 2015; Vosoughi et al., 2016; Yang
and Eisenstein, 2017) are just some examples demonstrating robust improvements on previous work that made use of conventional
features (e.g. n-grams, part of speech tags, etc.).

3.METHODS

Because of challenges encountered with our personal paintings while tuning and replicating previous work using neural networks,
inclusive of inconsistencies with weight initialization of networks, we decided to take a one of a kind method. understanding that
neural networks are not guaranteed to discover a worldwide minimal (Goodfellow et al., 2016), coupled with difficulties of parameter
tuning of networks and having constrained computational sources to perform an extensive set of configurations, we recalled studies in
2015 which produced sturdy effects for Twitter sentiment category utilising a easy ensemble approach (Hagen et al., 2015). in their
paintings, logistic regression become used to supply three models based upon a numerous set of functions. The probabilistic output for
every sentiment type (high quality, poor or neutral) changed into summed and averaged, with the highest average chosen because the
winning class, which resulted inside the exceptional performing solution for the SemEval sentiment class undertaking in 2015.
comparable fulfillment with these methods changed into discovered with exclusive Twitter sentiment type duties with the aid of
(Balikas and Amini, 2016; Sygkounas etal., 2016) and (Zimmerman and Kruschwitz, 2017). based totally on previous successes with
this technique for type tasks in Twitter, we hypothesize that comparable ensemble strategies with neural networks using special weight
initializations could also produce improvements for the tasks of hate speech detection in Twitter.

The ensemble version is created within the following manner. First we take smooth-max results from every underlying model and sum
them together. Then we common the sum of softmax effects, by using dividing by using the range of fashions (10 total in our case).
With the common tender-max score of all fashions, the magnificence with highest average is chosen as triumphing class similar to
methods in previous paintings (Hagen et al., 2015).

We evaluate our approach on two Twitter type datasets, abusive speech (Waseem and Hovy, 2016) and SemEval 2013 sentiment
analysis (Nakov et al., 2013) dataset (desk 1). For the abusive speech dataset, we to begin with perform experiments on an 85/15
constant random break up on dataset to decide nice parameters, then run very last experiments in the equal manner as (Waseem and
Hovy, 2016) which evaluated results with 10-fold go validation. This preference was made to permit for steady comparison between
assessment rankings for each run of our experiments. moreover, we construct ensemble models on the SemEval education and
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improvement sentiment test units and compare in opposition to the SemEval 2013 test set. We executed this extra experiment to
determine if ensemble methods had been robust enough to enhance outcomes for a distinctive class undertaking.

Positive  Negative Neutral Total

SemEval Train 3632 1453 4564 0649
SemEval Test 572 338 7249 1539
SemEwval 2013 1568 599 1630 3797
None Sexism Racism  Total
Abuse [ Hate 11535 3378 1970 16883

Table 1: Summary of datasets, totals for each class

3.1 EXPERIMENTAL SETUP

For our experiments we utilize Python neural community and device mastering libraries. mainly, Scikit-analyze (Pedregosa et al.,
2011) is used to create function representations for input to system gaining knowledge of algorithms. For the neural network version
schooling, the Keras library (Chollet, 2015) with Tensorflow (Abadi et al., 2015) returned-cease became to start with used, but
switched to Theano (Theano improvement team, 2016) again-give up due to a discovery that weight initialization can not be
reproduced, as capability is currently now not available with TensorFlow and Keras. We observe that many authors do no longer put
up libraries used of their paintings, but the loss of reproducibility of consequences with a Theano and Tensorflow back-stop are one
crucial example demonstrating why this statistics have to be protected.

Preprocessing Tweets - Previous to the embedding lookup, all Tweets had been preprocessed in the identical way (i.e. tokenization
and normalization of textual content) to the authentic texts used to create the embedding version. The raw Tweets are handed through
a Tweet tokenizer5 assumed to produce output much like tokenizers used by (Godin et al., 2015) to create an embedding model.
moreover, all URLs, mentions and numbers were normalized to URL , mention and variety respectively with the case of the Tweets
left unchanged per authentic methods used for the embedding model (Godin et al., 2015).

Feature Extraction - A benefit of convolutional neural network (CNN) classifiers and word embeddings is the ability to consume
sequential tokens through concatenation of token embeddings into a matrix(Goldberg, 2016), in contrast to n-gram features which lose
the notion of position in a text (aside from immediate neighboring terms for bi/tri-grams). CNN classifiers, in theory, can consume
variable length documents. In practice, the choice of software library may make the task of variable length document ingestion
impossible. As Python Keras was used for experiments, we found it necessary to set the number of tokens into the CNN to a fixed
length. It is noted that the mean number of tokens in our datasets was 17 and 22 for hate speech and sentiment respectively. A pre-
experimental comparison of 30, 50 and 70 tokens as the window length showed 50 tokens having better performance. With this
setting, only 5 Tweets for all datasets had tokens cutoff. Investigation of the best window length is a consideration for future work.
Each Tweet is represented as a matrix T _ Rm_n, where m = length of embedding vector and n = maximum tokens taken from Tweet.
In cases where tokens in Tweets are < than n, dummy embedding vectors with zeros are used. For the embedding model used, a 50
token by length 400 embedding matrix is the output.

Machine Learning Classifier - For the CNN, we keep in mind a completely minimum network inspired with the aid of preceding
paintings (Kim, 2014). The convolution layer has a unmarried 3 token window and one hundred fifty filters. Padding is set to ’same’,
hence the enter and output of convolution layer in shape in length. The output of the convolution layer is fed into a international max-
pooling layer for function discount. The max pooling layer feeds right into a single hidden layer with 250 gadgets. Glorot uniform
distribution is used for weight initialization, that's the default for Keras, with constant seed settings for reproducibility6. No
regularization is used for the abusive speech dataset, but a dropout fee of zero.2 is implemented after the max pooling layer for the
SemEval dataset. Beyond pooling and dropout layer are the hidden (250 nodes with ReLu activation) and output (3 nodes with
sigmoid activation). The weights are learned with a binary move-entropy loss feature and the adam optimizer.

Evaluation settings - For comparison of the SemEval and abusive speech datasets, we examine the configuration with three one-of-a-
kind seed weight initializations chosen arbitrarily. Pre-test research into parameters established that improvements in version accuracy
commonly leveled off round 10 epochs, with small profits and reductions in evaluation metrics for epochs past this fee, therefore we
targeted on 3 epoch settings (three, five and 10) now not exceeding 10. Batch length had degrading effects on accuracy and time for
model convergence as it turned into elevated, appreciably beyond a hundred, with similar consequences beneath 10. As such, we
chose 4 batch length values in the variety of 10 - a hundred (10, 25, 50, one hundred). sources had been a restricting component to
carry out a extra specific parameter search inside these degrees.

We use the best settings (10 epochs and batch size 10) and run 10-fold go validation on our approach to allow direct assessment
with the findings of (Waseem and Hovy, 2016) (see go validation consequences of these settings in Tables four and five). For
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evaluation of findings at the SemEval dataset, we use the F-1 average rating for fine and negative classifications as turned into
carried out in the authentic opposition.

4.RESULTS

Outcomes abusive speech check set - We evaluate consequences for multiple ensemble models with versions in seed parameters,
variety of epochs and batch length. table 2 provides a precis of outcomes for the eighty five/15 break up set. In all instances, the
ensemble performs better while combining sub-models, with an average of 1.97% advantage on F-1. using the high-quality epoch and
batch length settings from the eighty five/15 break up, we ran the ensemble with 10-fold go validation to at once evaluate findings
with (Waseem and Hovy, 2016). In desk 4 the flattened version of bewilderment matrices is supplied for all 10 ensemble folds, that is
useful for researchers which can desire to evaluate their work using exceptional evaluation metrics (e.g. unweighted F-degree).
eventually, table 5 provides an instantaneous comparison among the suggest weighted macro F-1 measure for 10-fold model run with
our ensemble method with the effects from (Waseem and Hovy, 2016).

To affirm importance of findings, we produce ninety nine% self assurance intervals on each set of sub-fashions used to produce
ensemble (10 sub-models for every ensemble) and discover handiest 2 sub-models of all one hundred sub-models performs above
confidence. accordingly, we finish that with 99% confidence, our ensemble method will perform higher than an person model 98% of
the time.

Results SemEval 2013 test set - Analysis and evaluation of the consequences, in table 3 in addition reveal the robustness of our
ensemble method of becoming a member of tender-max results from 10 sub-models to supply final classification, with similar
improvements. while considering all sentiment models ensembles in comparison to character fashions, there's a mean of 1.84%
advantage on F-1. We observe that our quality ensemble version tied the outcomes (F-1 of 71.91) of a computationally complex social
community approach produced by using (Yang and Eisenstein, 2017).

mean of sub-models

| 10 25 20 i Grand Total
3 TEOR% 7571% 75469 TA53H 15.67%
5 751 1% T5.080%  T5000 7524% T5.11%
1 T4 880 T461% T401% T501% T4.85%
Grand Total | 7532% Ta.14%  T5 125  T7526% T3.21%

std deviation of sub-models

10 25 50 11040 Grand Toial
3 0955 1.26% 1.235% 1195 1 16%
5 L 16% 1.28% 0,94 % L15% L13%
1 LO2% 1.31% | 165 0L98% L11%

1

Grand Total [IIEE 2B I.11% L1l% 1. 14%

mean of ensembles

10 15 50 104D Grand Total
3 11475 TI29% 7Ti21% T685% T.21%
5 T7.61% TI29% 7679 T674% T 1%
1 TI.B3% 7739% 7Taid% To638% T7.24%
Grand Total | 77.63% 771.33% 769%% T633% 77 18%

ensemble (average improvement) over sub-medel mean

10 15 50 114D Grand Total
3 1.48% 1.58% 1.75% 1.32% 1.53%
5 2. 4005 221% 1.79% 1.50% 2.0
1 2.95% 2.7RH 1.95% LE7% 2. 3
¥

Grand Total | 231% 9% |.83% L57% 1L.97%

std deviation of ensembles

10 25 50 10} Grand Total
3 0.58% (.28 (0.38% [Nk 41%
5 LR (.25 (.27 LR 46%
1 0.12% 0.65% 0L.12%  042% 0.54%
Grand Tofal | 0.30% 038% 0.31% 0. 29% 046%

Table 2 Summary metrics for abusive speech ensembles and sub-models - Provided here are summary metrics (evaluation
was based on average F-1 measure of positive and negative classifications) based on batch size and epochs, there were 3
ensembles produced (2ach with different weight initializations) foreach batch size (10, 25, 50 and 100) and epoch (3. 5 and
10} setting. with best highlighted. The standard deviation of ensemble models is reduced from 0.94% for individual model
approach to 0. 12% for ensemble approach, signaling a strong reduction in variability. 'We also note a ngarly 2 point gain in
F-1 score when comparing the mean of all ensembles to mean of sub-modals.
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Impressively, the easy technique, when run on both datasets produces a growth of almost 2% on the assessment metric. moreover,
in evaluation of take a look at sets we be aware the usual deviation is reduced by means of more than half for the ensemble
approach, signalling a robust discount in variability.

The following questions furnished steerage for our investigation and effects. these had been addressed with descriptive data and
direct contrast. short summaries of findings are furnished for every query.

RQ 1: Based on revel in with weightings and inconsistent effects, how plenty variability in assessment metrics is found
among fashions with one of a kind weight initializations? general deviation is the selected metric for variability, that's
provided in Tables 2 and 5. Variability for man or woman model method with fine parameters is observed to be +/- zero.
Ninety four% of the median F-1 measure. For the ensemble method, well-known deviation is discovered to be +/- 0.12% of
the median F-1 measure and additionally improves almost 2% over fine person model.

RQ 2: Given a hard and fast of N fashions with various weight initializations, can an ensemble of the N fashions produce
better consequences by way of taking the average of their soft max predictions? we've set N = 10 in our experiment and are
ninety nine% confident that our ensemble approach will notably enhance F-1 scores ninety eight% of the time in
comparison to outcomes from a single version.

mean of sub-models

10 25 50 104} Grand Total

3 68.44%  6RB65%  6E30% 6R.01% 68.37%

5 6B, 34% 6790  68.24% 68.03% 68. 13%

10 6.4 1% 67.13% 6l le%  67.06% 6. 945
Grand Total | 67.73% 67.89%  67.93% 67.70% 6.8 1%

std deviation of sub-models

10 25 20 1040 Grand Total

3 2725 22445 2.17% 2.62% 2.44%

5 1. 585 l.&61% 1.78% 2.05% 1.76%

10 1LET% 1L.38% 1.73% 2.11% 1.77%
Grand Total 2060 1.74% 100 2268 1.5

mean of ensembles

10 25 S0 1M} Grand Total

3 70,345 T0. 165 60340  6B.33% 60 545

5 T06T5% 69.74%  T03I6% 60.46% T0.06R%

10 69. 175% 69, 49% 60.67%  60.08% 69.35%
Grand Total | 70.06% 69.79% 60.79%  63.96% 69, 65%

ensemble (averace improvement) over sub-model mean

10 25 50 104} Grand Total

3 (R L.31% 0.95% 0. 33% L17%

5 2.33% I 845 2.12% ].426% 1035

10 L76% 2.36% 251% 2.02% 41%
Grand Total | 2.33% (R |.Ba% ].26% |.84%

std deviation of ensembles

i 25 50 114} Grand Total

3 022 L 17% 0.15% 0. 59% [IE:

5 L. 10 0.35% 0.61% (0.62% 0.82%

10 0 50 0.65% 0.31% 0.68% 0.54%
Grand Total | (R92% 0.78% 0.57% 0.74% (.845%

Table 3: Summary metrics for ensembles and sub-models evaluated on the SemEval 2013 dataset - Provided here are

summary metrics (evaluation was basad on average F-1 measure of positive and n2gative classifications) based on batch

size and epochs, there weme 3 ensembles produced (2ach with different weight initializations) for each batch size (10, 25,

50 and 106 and epoch (3, 5 and 10) setting, with best and worst highlighted (best in bold). Overall the standard deviation

of ensemble models is rduced to +- 00 153%, a sharp reduction from standard deviation of individual models and a signal

for reduction in variance. Similar to hate speech evaluations, we nok a nearly 2 point gain in F-1 score when comparing

the mean of all nsembles (o mean of sub-modeLs.
RQ 3: With all model initialization parameters fixed, how do versions in batch length and quantity of epochs impact
ensemble results? We answer this question with relative improvements in F-1 scores among mean of person fashions and
imply of ensemble fashions. As shown in desk 2 and discussed in section four., the greatest upgrades are made with smaller
batch sizes and larger variety of epochs. Variability, as measured by way of standard deviation, constantly reduces for all
parameters.
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e RQ 4: How do strategies evaluate with different class responsibilities (e.g. Abusive speech vs. Sentiment)? As mentioned in
effects section four and table three, the strategies produce similar outcomes whilst run on a sentiment evaluation take a
look at set.

5.CONCLUSION

We’ve tested the usefulness of ensemble strategies with a neural community configuration. We’ve shown that weight initialization
techniques are a vital issue to don't forget in any studies the usage of deep studying. We confirmed that a simple ensemble method for
neural networks has statistically extensive improvement over a single model. moreover, we've got proven that man or woman fashions
have high variance while in comparison to the variance of ensemble fashions. as a consequence, one might vicinity decrease self-
assurance of their version while an ensemble method isn't always used. Additionally, in all trials, we find that ensemble fashions carry
out better on check sets in comparison to the imply of sub models. The ensemble approach seems to leverage the high variance as a
bonus for the very last class via the easy method of averaging smooth-max output.

Trie  NWone Nome Nome Race Race Race  Sex  Sex Sex

Pred MNone PRace  Sex  None Race  Sex None Race  Sax

Fodl 1053 42 59 &6 120 2 113 0 125
Fod2 1034 52 48 4 48 o 122 1 115
Fold3 1053 40 6l 50 14 4 16 1 23l
Fold4 1066 29 39 58 13 3 18 0 1232
Fold5 140 38 76 45 152 0 W™ -
Fode 1032 46 73 4 47 I 1w 4 I
Fod7 1055 40 58 5 13 2 113 1 I3
Fod& 1085 37 a1 55 142 0 122 1 115

o 2 2%

Fold9 1M6 47 60 51 143
Fold 10 1064 44 45 50 147 0 113 I I3

Table 4: Confusion scores for all [0-fold ensembles (best in grey) on the (Waséem and Hovy, 70T6) dataset Gold standard
and predicied classifications for the dataset ae Sex = sexism, Race = racism and Nong = naither racism nor sexism.

mizan of sub-moedels T3.65%
std deviation of sub-models |.54%
mzan of ensembles TR.62%
ensemble improvement on sub-model mean  2.96%
std deviation of ensembles |08 5%
best resulis from original author 73.93%
improvement on original work 4.60%

Table 5: Comparison of ensemble method on (Waseem and
Hovy, 2016) dataset vs. results from original best method
iwaseem and Howvy, 2016). Values are based wpon F-1
Measure.

5.1 DIFFICULTIES ENCOUNTERED

Several problems have been encountered in our preliminary experiments because of weight initializations often not being suggested
by way of other authors coupled with the problem of a deep learning library missing reproducibility because of seed setting. In our
case, we had initially used Keras with a TensorFlow back-give up. publish experimentation, we investigated this depend more on and
discovered that the difficulty with reproducibility of weight initializations is resolved with use of a Theano back-end. However, this
painful enjoy no longer simplest demonstrates the want to post extra information, it also can cause better answers, which include a
more robust ensemble technique.
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5.2 A REQUEST FOR FUTURE RESEARCH

We note that in many papers reviewed for our paintings, researchers didn't put up their weight initialization techniques. there are
numerous alternatives available for weight initialization of a neural community and it is one of many crucial elements. Deep mastering
has many other concerns too, and the details provided in posted work are regularly mild in detail. while considering all of the
parameters to be had (e.g. quantity of layers, embedding options, optimizers, weighting schemes, activation features, libraries, and
many others.), neural networks can become very complex and consequently extra details have to be recorded for reproducibility. As
our paintings demonstrates, seemingly harmless values along with batch size, will have good sized impacts on effects. Filling within
the missing info from published paintings is a time ingesting task, that's exceptional resolved through verbal exchange with authentic
authors that can not be to be had because of various factors. As such, it is able to be profitable to make every effort to encompass all
parameter alternatives, together with weight initialization methods, in destiny work7. moreover, a set of misunderstanding matrices
became supplied in preceding paintings at the abusive dataset (Gamb“ack and Sikdar, 2017). we've got additionally provided
confusion matrix outcomes in desk 4. This fact is beneficial for reproducibility, as you can compare many more evaluation metrics
than the popular single combination measure F-1 macro weighted rating. Reporting of confusion matrices opens the door to other
metrics inclusive of F-1 micro unweighted or F measure with distinct beta values. These facts may want to effortlessly be supplied on
line, as publications regularly have space issue, consequently it's miles well worth attention of a better method.

5.3 FUTURE WORK

Destiny work might remember assessment of ensemble strategies on extra test sets (e.g. SemEval 2014 and 2015 as an example).
additionally, a contrast of various weighting schemes is probable useful to recognize versions within this parameter. beyond that,
constructing models with different network configurations and embedding models are all considered to be herbal next steps. one-of-a-
kind methods, which include LSTM networks based totally on man or woman representations (in preference to word embeddings)
need to be taken into consideration. Reproducing the promising outcomes, the usage of LSTM and Gradient. Boosted selection timber
(Badjatiya et al., 2017) on extra datasets is a profitable exercising too. Given information that neural network overall performance
improves as datasets come to be larger, it would be an exciting experiment to gain perception as to what number of records is enough
in which ensemble strategies do now not provide a lift in performance. Therefore, one possible subsequent step for our work would be
to try our techniques on gradually large datasets to empirically display that ensembles offer smaller upgrades as education facts
increases.
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