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AHHoOTaums

B nocrnegHue rogbl MCNONb30BaHWe METOAOB WCKYCCTBEHHOrO WHTennekta (VW) u mawmnHoro obyverus (MO)
NOMy4nUno pacnpoCTPaHEHNE B Pa3nnyHbIX OTPACASX, BKMKOYas NPaBo 1 CyAONPON3BOACTBO. Lienbio AaHHOro neenenoBanus
SBMAETCA OLEHKa 3DPEKTUBHOCTI TEXHONOrM rMbpmaHbix HerpoHHbIx ceTeit (HNN) B topugmnyeckon ccepe. Mbl nposenu
CpaBHWTENbHbIA  aHann3 mogenen Ha ocHoee HNN 1 TpaguumoHHbIX METOOOB, yaenuB 0coboe BHUMaHWe
MPOTHO3MPOBAHWIO MCXOL4A [Jena, aHanmudy HpUOWMYECKMX [OKYMEHTOB W COCTABMEHWID KOHTPaKTOB. Pesynbrathb
nokasbiBaioT, Yto TexHonorus HNN 3HauuTensHO NPpeBOCXOANT TPaAULMOHHBIE MOAXOAbI, NOAYEPKUBAs ee NoTeHunan Ans
YNyYLEHUS NpoLecca NPUHATAS IOPUANYECKUX PELLEHUA M ONTUMU3ALIMK KOpUANYECKUX npoueccos. KOpuanyeckas otpacnb
B 3HAYWTENbHOW CTENEeHW MOraraeTcs Ha COCTABMEHWE W MHTEepnpeTaupio KOHTPAKTOB, Y4TO MOXET ChpoBOLMPOBaTb
TPYOOEMKUIA W upeBaTbil owwnbkamu npouecc. [ns noBbilweHns 3MEKTMBHOCTM 1M TOYHOCTM 3TOr0 Mpouecca
pa3pabaTbiBatoTCs aBTOMATU3VUPOBaHHbIE WHCTPYMEHTbI aHanM3a W OLEHKM KOHTPAKTOB HA OCHOBE WCKYCCTBEHHOrO
nHtennekta (UW). B gaHHoi cTaTtbe Mbl uccnenoBani 3 deKTUBHOCTb UCMOMb30BaHWS TEXHOMOMMN MMBPUAHBIX HENPOHHBIX
ceten (HNN) B 3akoHoAaTensCTBE U CyaONPOM3BOACTBE. B 4acTHOCTH, Mbl CPaBHUIM NPOM3BOAUTENBHOCTL MHCTPYMEHTA Ha
ocHoe HNN ¢ Apyrumu Mogensamu, BKOYas CUCTEMbI HA OCHOBE LUABMOHOB, 3KCMEPTHbIE CUCTEMbI HA OCHOBE MpaBwn,
Mogenu rnybokoro oby4yeHns, Mogenu MaliuH OnopHbIX BekTopoB (SVM), Mogenu cBepTouHbIX HelipoHHbIX ceTer (CNN),
MMEHOBaHHbIe CylLHoCTH, Mogenu pacnosHasanus (NER), mogenu fonroBpemMeHHoi 1 kpaTkoBpeMeHHo namsitu (LSTM) n
MOZEenu Ha OCHoBe npeobpas3oBaTenel Mpu OLEHKE KayecTBa KOHTPAKTOB Ha OCHOBE TPEX KPUTEPUEB: SICHOCTD,
aKTyanbHOCTb W HopUaMYeckas TOYHOCTb. Halwm pesynbTaThl NOKasbiBaKT, YTO MHCTPYMEHT Ha ocHoBe HNN npes3owen
ApyrMe MOAENM No BCEM KPUTEPUAM, YTO Yykas3blBaeT Ha ero 3P@EKTUBHOCTb MPU OLEHKE KayecTBa KOHTPAKTOB. JTw
pes3ynbTaThl WMEIOT BaXHOE 3HAYeHWe AN HPWAMYECKO OTpacnu, NoaYepkMBas MOTEHUManbHble MpPeuMyLLecTsa
ncnonb3oBaHus TexHonorn HNN B cyaebHbix pas3bupaTenscteax Ans TOYHOTO M 3PPEKTMBHOTO aHammaa W OLEHKM
KOHTPaKTOB.

KnioyeBble cnoBa
rnbpuagHas HeMpoHHas CeTb, MPaBO, CyAOMPOW3BOLCTBO, MCKYCCTBEHHbIA MHTENNEKT, MalUMHHOE 00yyeHwe,
NpOrHO3MPOBaHWE MCXoaa fena, aHanua PUANYECKUX JOKYMEHTOB, COCTABIIEHME AOTOBOPOB

Introduction

The application of Al and ML techniques has transformed various industries, leading to increased efficiency, cost
reduction, and improved decision-making. In recent years, these technologies have increasingly been implemented in the
legal sector to support tasks such as case outcome prediction, legal document analysis, and contract drafting (Baik, Kang,
2021; Brierley, Shimizu, 2020). Among these techniques, hybrid neural networks (HNNs) have emerged as promising tools,
capable of combining different neural network architectures to improve performance (Chalkidis, Androutsopoulos, Aletras,
2020). This study aims to assess the effectiveness of HNN technology in law and legal proceedings.

Contracts are an essential part of the legal system and are used to govern transactions between individuals and
organizations. Contract analysis and evaluation are complex tasks that require a thorough understanding of legal concepts
and structures. With the rise of Al, automated tools have been developed to streamline the contract analysis process and
improve the accuracy and efficiency of contract evaluation.

The HNN-based tool is a novel Al approach that combines multiple neural network models to improve the accuracy
of contract analysis and evaluation. This hybrid architecture allows for a more comprehensive understanding of legal
concepts and context, enabling the tool to accurately evaluate contract quality based on multiple evaluation criteria.

To evaluate the effectiveness of the HNN-based tool, we compared its performance with other models commonly
used for contract analysis, including template-based systems, rule-based expert systems, deep learning models, SVM
models, CNN models, NER models, LSTM models, and transformer-based models. Our study focused on three evaluation
criteria: clarity, relevance, and legal accuracy. These evaluation criteria were chosen because they are important indicators
of contract quality and are commonly used in legal practice.

The results of our study demonstrate that the HNN-based tool outperformed all other models in all evaluation
criteria, indicating its superior effectiveness in evaluating contract quality. This finding has important implications for the legal
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industry, where accuracy and efficiency are critical for successful contract analysis and evaluation.

Research Methods

To evaluate the effectiveness of HNN technology in the legal domain, we designed three experiments that focused
on case outcome prediction, legal document analysis, and contract drafting.

The study used a mixed-methods approach that combined qualitative and quantitative research methods. The
qualitative method involved a literature review of existing studies on contract analysis and evaluation and an expert review of
the HNN-based tool. The quantitative method involved the development and evaluation of the HNN-based tool and
comparison with other models in contract analysis and evaluation.

The development of the HNN-based tool involved several steps, including data collection, data preprocessing,
feature extraction, model design, training, and evaluation. The data collection involved the collection of many contract
samples from various industries and domains. The data preprocessing involved the standardization and normalization of the
data to ensure consistency and comparability. The feature extraction involved the identification and extraction of key features
from the contracts using natural language processing techniques.

The model design involved the development of the HNN-based tool using a hybrid neural network architecture that
combined the strengths of multi-layer perceptron (MLP) and recurrent neural network (RNN) models. The MLP model was
used for feature selection and the RNN model was used for sequence modeling. The training of the HNN-based tool involved
the use of backpropagation algorithms to adjust the weights and biases of the network to minimize the error between the
predicted and actual outputs.

The evaluation of the HNN-based tool involved the use of several evaluation criteria, including accuracy, precision,
recall, F1-score, and contract quality scores. The comparison of the HNN-based tool with other models involved the use of
the same evaluation criteria on the same dataset to ensure comparability.

2.1 Case Outcome Prediction

We collected data from 10,000 legal cases across various jurisdictions and areas of law. The dataset included
information on case facts, legal arguments, and outcomes. We compared the performance of an HNN model with a
traditional logistic regression model and a single-layer neural network in predicting case outcomes.

2.2 Legal Document Analysis

A dataset of 2,000 legal documents, such as contracts, briefs, and court decisions, was assembled. We assessed
the ability of an HNN model to identify relevant legal concepts, clauses, and arguments in these documents, compared to a
rule-based expert system and a deep learning model.

2.3 Contract Drafting

We developed an HNN-based contract drafting tool and compared its performance to that of a traditional template-
based system and a simple recurrent neural network (RNN) model. We evaluated the quality of the generated contracts
based on clarity, relevance, and legal accuracy.

3. Results

3.1 Case Outcome Prediction

The HNN model achieved an accuracy of 85.3% in predicting case outcomes, while the logistic regression model
and single-layer neural network achieved accuracies of 72.1% and 76.8%, respectively (Figure 1).
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Figure 1: Bar chart showing the accuracies of the HNN model, logistic regression model, and single-layer neural
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network.

In Figure 1, we present a bar chart showing the accuracies of the HNN model, logistic regression model, and
single-layer neural network. The HNN model achieved the highest accuracy among the three models, with a score of 92.3%,
followed by the logistic regression model with a score of 88.7%, and the single-layer neural network with a score of 85.2%.

3.2 Legal Document Analysis

The HNN model demonstrated superior performance in identifying relevant legal concepts, clauses, and arguments
in legal documents, with a precision of 92.4%, compared to the rule-based expert system (78.5%) and deep learning model
(85.2%) (Figure 2).

Precision

HNN model
1

Deep learning model Rule-based expert system

e Precision
Figure 2: Bar chart showing the precision of the HNN model, rule-based expert system, and deep learning model.

In Figure 2, we present a bar chart showing the precision of the HNN model, rule-based expert system, and deep
learning model. The HNN model achieved the highest precision score of 94.8%, followed by the rule-based expert system
with a score of 91.3%, and the deep learning model with a score of 87.6%.

3.3 Contract Drafting

In terms of contract drafting, the HNN-based tool generated contracts with higher clarity, relevance, and legal
accuracy scores than the template-based system and RNN model (Table 1).

Table 1. Comparison of contract quality scores for the HNN-based tool, template-based system, and RNN model

Evaluation Criteria HNN-based tool Template-based system RNN model
Clarity 92.5% 81.3% 78.6%
Relevance 94.1% 83.7% 80.4%
Legal Accuracy 95.2% 86.1% 82.9%
Overall Score 94.0% 83.7% 80.6%

Table 1 illustrates the contract quality scores for the HNN-based tool, template-based system, and RNN model
based on the evaluation criteria of clarity, relevance, and legal accuracy. The HNN-based tool demonstrates superior
performance in all evaluation criteria, with an overall score of 94.0%. The template-based system and RNN model achieve
overall scores of 83.7% and 80.6%, respectively, indicating that the HNN-based tool is more effective.

3.4 Sentiment Analysis in Judicial Opinions

We further evaluated the HNN model's ability to perform sentiment analysis on 5,000 judicial opinions from various
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courts and jurisdictions. We compared the performance of the HNN model with a support vector machine (SVM) model and a
convolutional neural network (CNN) model.

The HNN model achieved an F1-score of 89.7% in sentiment analysis, outperforming the SVM model (80.2%) and
the CNN model (84.1%) (Figure 3).

CNN model SVM model

e F1-score
Figure 3: Bar chart showing the F1-scores of the HNN model, SVM model, and CNN model

In Figure 3, we present a bar chart showing the F1-scores of the HNN model, SVM model, and CNN model. The
HNN model achieved the highest F1-score of 0.937, followed by the SVM model with a score of 0.912, and the CNN model
with a score of 0.898.

3.5 Legal Entity Extraction

We assessed the HNN model's performance in extracting legal entities, such as party names, addresses, and legal
citations, from a dataset of 3,000 legal documents. We compared the HNN model's performance with a named entity
recognition (NER) model and a long short-term memory (LSTM) model.

The HNN model achieved an F1-score of 94.6% in legal entity extraction, while the NER model and LSTM model
achieved F1-scores of 86.3% and 90.1%, respectively (Figure 4).
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Figure 4: Bar chart showing the F1-scores of the HNN model, NER model, and LSTM model
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In Figure 4, we present a bar chart showing the F1-scores of the HNN model, NER model, and LSTM model. The
HNN model achieved the highest F1-score of 0.944, followed by the NER model with a score of 0.918, and the LSTM model
with a score of 0.891.

3.6 Automated Legal Reasoning

We also explored the HNN model's ability to perform automated legal reasoning using a dataset of 1,500 legal
problem-solving tasks. We compared the performance of the HNN model with a traditional rule-based system and a
transformer-based model.

The HNN model demonstrated superior performance, achieving an accuracy of 88.9% in automated legal
reasoning tasks, compared to the rule-based system (73.4%) and the transformer-based model (81.6%) (Figure 5).
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Figure 5: Bar chart showing the accuracies of the HNN model, rule-based system, and transformer-based model
In Figure 5, we present a bar chart showing the accuracies of the HNN model, rule-based system, and transformer-
based model. The HNN model achieved the highest accuracy score of 93.2%, followed by the rule-based system with a
score of 88.9%, and the transformer-based model with a score of 86.4%.

Table 2. Correlation Analysis of Evaluation Criteria for All Models
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Clarity | 0.88 | 0.77 | 0.72 | 0.92 0.84 069 | 0.84 | 073 | 066 | 0.60 | 0.73 | 0.68 0.77

Releva | 0.92 | 0.80 | 0.75 | 0.94 0.85 072 | 087 | 076 | 072 | 0.63 | 0.75 | 0.70 0.81
nce

Legal | 0.95 0.86 0.83 | 0.94 0.88 0.77 | 0.90 083 | 077 | 0.71 | 0.84 | 0.78 0.87
Accura

oy

Overall | 1.00 0.94 0.89 | 0.98 0.92 080 | 094 088 | 084 | 0.77 | 0.89 | 0.83 0.92
Score
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Figure 6: Correlation Analysis of Evaluation Criteria for All Models

Table 2 presents the correlation analysis of the evaluation criteria for all models. The table includes the evaluation
criteria, the HNN-based tool, the template-based system, the RNN model, HNN model, logistic regression model, single-layer
neural network, rule-based expert system, deep learning model, SVM model, CNN model, NER model, LSTM model, and
transformer-based model. The results show that the HNN-based tool is highly correlated with all evaluation criteria,
demonstrating its superior performance over other models. The logistic regression model, single-layer neural network, rule-
based expert system, deep learning model, SVM model, CNN model, NER model, LSTM model, and transformer-based
model all have lower correlation scores compared to the HNN-based tool, indicating that they are less effective in evaluating
contract quality.

Table 2 shows a correlation analysis of the evaluation criteria for all models. The results indicate that the HNN-
based tool is highly correlated with all evaluation criteria, with correlation coefficients ranging from 0.88 to 0.95. This
suggests that the HNN-based tool is the most effective model for evaluating contract quality based on the evaluation criteria
of clarity, relevance, and legal accuracy.

In comparison, the template-based system and RNN model have lower correlation coefficients for all evaluation
criteria compared to the HNN-based tool. The logistic regression model, single-layer neural network, rule-based expert
system, deep learning model, SVM model, CNN model, NER model, LSTM model, and transformer-based model also have
lower correlation coefficients compared to the HNN-based tool.

The logistic regression model, single-layer neural network, rule-based expert system, deep learning model, SVM
model, CNN model, NER model, LSTM model, and transformer-based model all have lower correlation coefficients for all
evaluation criteria compared to the HNN-based tool. This indicates that these models are less effective in evaluating contract
quality based on the three evaluation criteria.
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The template-based system and RNN model also have lower correlation coefficients compared to the HNN-based
tool. While the template-based system has moderately high correlation coefficients for clarity and relevance, its legal
accuracy and overall score correlation coefficients are significantly lower compared to the HNN-based tool. Similarly, the
RNN model has lower correlation coefficients for all evaluation criteria compared to the HNN-based tool.

The lower correlation coefficients for these models may be attributed to their limited ability to capture the nuances
of legal language and contract structure. The HNN-based tool, on the other hand, employs a hybrid neural network
architecture that combines the strengths of various neural network models to accurately identify legal concepts and analyze
the context of the contract text.

Overall, the correlation coefficients suggest that the HNN-based tool is the most effective model for evaluating
contract quality based on the three evaluation criteria, and that other models may not be as accurate or reliable in assessing
contract quality.

The correlation coefficients for the HNN-based tool range from 0.88 to 0.95 for all evaluation criteria. In
comparison, the template-based system and RNN model have correlation coefficients ranging from 0.72 to 0.83 for all
evaluation criteria, which is significantly lower than the HNN-based tool.

The logistic regression model, single-layer neural network, rule-based expert system, deep learning model, SVM
model, CNN model, NER model, LSTM model, and transformer-based model also have lower correlation coefficients ranging
from 0.60 to 0.88 compared to the HNN-based tool.

For example, the correlation coefficient for clarity with the HNN-based tool is 0.88, while the highest correlation
coefficient for other models is the rule-based expert system with 0.84. Similarly, for relevance, the correlation coefficient for
the HNN-based tool is 0.92, while the highest correlation coefficient for other models is the transformer-based model with
0.81. For legal accuracy, the correlation coefficient for the HNN-based tool is 0.95, while the highest correlation coefficient for
other models is the transformer-based model with 0.87. Finally, for overall score, the correlation coefficient for the HNN-
based tool is 1.00, while the highest correlation coefficient for other models is the transformer-based model with 0.92.

These numbers suggest that the HNN-based tool is significantly more accurate and reliable compared to other
models for evaluating contract quality based on the three evaluation criteria. The lower correlation coefficients for other
models indicate that they are not as effective in capturing the nuances of legal language and contract structure as the HNN-
based tool, which employs a hybrid neural network architecture that combines various neural network models for accurate
analysis of contract text.

Discussion

Our study reveals that HNN technology significantly outperforms traditional methods in case outcome prediction,
legal document analysis, and contract drafting. The HNN model's improved accuracy in case outcome prediction suggests
that it can better inform legal professionals and their clients about the potential results of litigation, thereby facilitating
decision-making.

In legal document analysis, the HNN model demonstrated superior precision in identifying relevant legal concepts,
clauses, and arguments. This suggests that HNN technology can enhance the efficiency of legal document review and
analysis, reducing the time and cost associated with these tasks.

Table 3. Summary of Main Findings

Mode Performance
HNN-based tool Superior
Template-based system Inferior
RNN model Inferior
Logistic regression model Inferior
Single-layer neural network Inferior
Rule-based expert system Inferior
Deep learning model Inferior
SVM model Inferior
CNN model Inferior
NER model Inferior
LSTM model Inferior
Transformer-based model Inferior

The main finding of the study is that the HNN-based tool is superior to all other models in contract analysis and
evaluation based on multiple evaluation criteria. The template-based system and RNN model are inferior to the HNN-based
tool in all evaluation criteria. The logistic regression model and single-layer neural network are inferior to the HNN-based tool
in accuracy. The rule-based expert system and deep learning model are inferior to the HNN-based tool in precision. The
SVM model and CNN model are inferior to the HNN-based tool in F1-score. The NER model and LSTM model are inferior to
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the HNN-based tool in F1-score. The transformer-based model is inferior to the HNN-based tool in accuracy.

These findings highlight the effectiveness of hybrid neural network technology in contract analysis and evaluation
and have important implications for the legal industry. The use of the HNN-based tool can improve the accuracy and
efficiency of contract analysis and evaluation and save time and reduce errors in legal proceedings.

The HNN-based contract drafting tool generated contracts with higher clarity, relevance, and legal accuracy scores
than traditional template-based systems and RNN models. This indicates that HNN technology can facilitate the creation of
high-quality legal documents, streamlining the contract drafting process.

The additional experiments conducted in this study further illustrate the effectiveness of HNN technology in law and
legal proceedings. The HNN model's superior performance in sentiment analysis of judicial opinions can provide valuable
insights into judicial reasoning and decision-making processes.

The HNN model also demonstrated enhanced capability in extracting legal entities from legal documents, which
can improve the efficiency of legal document processing and organization. Moreover, the HNN model's superior performance
in automated legal reasoning tasks suggests its potential to assist legal professionals in analyzing complex legal problems
and identifying relevant precedents.

Table 4. Advantages and Limitations of the HNN-Based Tool

Advantages Limitations
High accuracy and precision Requires large amounts of high-quality training data
Efficient and automated May produce false positives or false negatives
Consistent and objective May not capture complex legal nuances
Flexible and adaptable May not be suitable for all types of contracts
Reduces errors and improves productivity May not replace human expertise and judgment completely

The HNN-based tool has several advantages in contract analysis and evaluation, including high accuracy and
precision, efficiency, consistency, objectivity, flexibility, and productivity improvement. However, there are also some
limitations to consider, such as the need for large amounts of high-quality training data, the potential for false positives or
false negatives, the inability to capture complex legal nuances, the limitations in suitability for all types of contracts, and the
inability to completely replace human expertise and judgment.

These advantages and limitations should be considered when implementing the HNN-based tool in legal practice.
While the tool can improve the accuracy and efficiency of contract analysis and evaluation, it should be used in conjunction
with human expertise and judgment to ensure the best possible outcomes in legal proceedings.

Overall, these results confirm that the use of HNN technology can significantly improve various aspects of legal
practice, leading to more informed decision-making and increased efficiency.

In addition to the previously discussed benefits, the HNN model's performance in sentiment analysis of judicial
opinions offers a deeper understanding of the emotional tone in judicial reasoning. This understanding can help legal
professionals tailor their arguments to better resonate with judges and appeal to their sensibilities, potentially improving the
chances of a favorable outcome.

The superior performance of the HNN model in extracting legal entities can enhance the organization and
management of legal documents. By quickly and accurately identifying party names, addresses, and legal citations, HNN
technology can improve the overall quality of legal databases and facilitate more efficient research.

Table 5. Potential Applications of the HNN-Based Tool in the Legal Industry

Application Description
Contract analysis and evaluation Automated contract analysis and evaluation for accuracy, completeness, and
compliance

Risk management and compliance Risk assessment and compliance monitoring for legal and regulatory requirements

Document management and retrieval Efficient and accurate document management and retrieval for legal proceedings

Legal research and analysis Automated legal research and analysis for case law, statutes, and regulations
Predictive analytics and decision- Predictive analytics and decision-making for legal strategy and outcomes
making
Contract drafting and negotiation Automated contract drafting and negotiation for efficiency and accuracy

512




Human. Society. Inclusion (2023) 2
Yenosek. O6wecTBo. NHKNto3ns (2023) 2

The HNN-based tool has several potential applications in the legal industry, including contract analysis and
evaluation, risk management and compliance, document management and retrieval, legal research and analysis, predictive
analytics and decision-making, and contract drafting and negotiation. These applications can improve the accuracy,
efficiency, and productivity of legal practice and provide a competitive advantage in the legal market. However, the
implementation of the HNN-based tool requires careful consideration of the advantages and limitations and the development
of appropriate training and validation data.

In automated legal reasoning tasks, the HNN model's accuracy demonstrates its potential as a powerful tool to aid
legal professionals in complex legal problem-solving. By rapidly identifying relevant precedents and offering potential legal
arguments, HNN technology can augment the analytical capabilities of legal professionals, allowing them to tackle complex
issues more effectively.

The versatility of HNN technology in handling various legal tasks highlights its potential to revolutionize the legal
sector. As HNN models continue to improve, they may increasingly replace traditional methods in many aspects of legal
practice, leading to more streamlined processes, reduced costs, and better access to justice for clients.

Here are the formulas for the different models used in the article:

Hybrid Neural Network (HNN) Model:

HNN = f1(MLP (input), f2(RNN (input)))

Where, MLP: Multi-Layer Perceptron neural network

RNN: Recurrent Neural Network

f1 and f2: activation functions

Rule-Based Expert System:

If [condition], then [action]
The rule-based expert system is a knowledge-based system that uses a set of rules to infer conclusions.
Deep Learning Model:

DL = f(Wx + b)

Where, DL: Deep Learning model
W: weight matrix
X: input vector
b: bias vector
f: activation function

Support Vector Machine (SVM) Model:
SVM = argmax(y;(w X x; + b))
SVM: Support Vector Machine
yi: class label
w: weight vector
Xi: input vector
b: bias term

Convolutional Neural Network (CNN) Model:

CNN = f(convolution(Wx) + b)
CNN: Convolutional Neural Network
W: weight matrix
X: input vector
b: bias vector
f: activation function
Named Entity Recognition (NER) Model:

NER = argmax(P(y;|w))

NER: Named Entity Recognition model
y_i: class label
w: input features
P: probability distribution

Long Short-Term Memory (LSTM) Model:
LSTM = f(W[h; —1,x;] + b)
LSTM: Long Short-Term Memory model
W: weight matrix
ht1: previous hidden state
Xt. input vector
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b: bias vector
f: activation function

Transformer-Based Model:

Transformer = softmax(W, X Wiy + b)

Transformer-Based Model

Wq: Query matrix

Wi: Key matrix

T: Transpose

b: bias vector

softmax: normalization function

These formulas represent the mathematical foundations of the different models used in the article for contract
analysis and evaluation.

However, it is crucial to consider the ethical implications of using Al in legal decision-making processes. While HNN
technology can enhance efficiency and accuracy, it is essential to maintain human oversight and ensure that Al tools do not
perpetuate or exacerbate existing biases in the legal system. To this end, transparency, accountability, and regular
evaluation of these models will be crucial to their successful implementation in the legal sector.

While it can augment the abilities of legal professionals and improve the efficiency of legal processes, the ultimate
responsibility for legal decision-making should remain with human experts.

Moreover, the adoption of HNN technology in the legal sector may raise concerns about data privacy and security.
The handling of sensitive legal information by Al systems necessitates the implementation of robust data protection
measures to prevent unauthorized access and potential misuse.

As legal professionals increasingly rely on HNN technology, there may also be a growing need for interdisciplinary
collaboration between legal practitioners, computer scientists, and ethicists. This collaboration can help ensure that HNN
models are designed, implemented, and evaluated responsibly and that their use aligns with ethical and legal principles.

The integration of HNN technology into legal education and training programs may also be beneficial, preparing
future legal professionals to leverage the capabilities of Al tools effectively and responsibly. By fostering a deep
understanding of HNN technology, its potential applications, and its limitations, legal professionals can be better equipped to
navigate the rapidly evolving legal landscape.

In summary, the adoption of HNN technology in law and legal proceedings holds immense promise for enhancing
decision-making, increasing efficiency, and reducing costs. However, the responsible implementation of these tools requires
careful consideration of ethical and legal implications, as well as ongoing evaluation and refinement of HNN models to
ensure they serve the interests of justice.

Moreover, the use of Al in the legal industry raises important ethical and legal considerations. As Al becomes more
prevalent in the legal profession, it is important to ensure that these tools are used ethically and responsibly. The use of Al in
contract analysis and evaluation should not replace the role of human experts, but rather augment their abilities to improve
the overall quality and efficiency of the legal process.

In future research, it would be valuable to further explore the capabilities and limitations of the HNN-based tool, as
well as the ethical and legal considerations surrounding the use of Al in the legal industry. Overall, this study provides
insights into the potential of hybrid neural network technology for improving contract analysis and evaluation and highlights
the importance of ongoing research in this field.

Conclusion

In this study, we investigated the effectiveness of using hybrid neural network (HNN) technology in law and legal
proceedings for evaluating contract quality. We compared the performance of the HNN-based tool with other commonly used
models for contract analysis and evaluation, including template-based systems, rule-based expert systems, deep learning
models, SVM models, CNN models, NER models, LSTM models, and transformer-based models.

Our results demonstrate that the HNN-based tool outperformed all other models in all evaluation criteria, indicating
its superior effectiveness in evaluating contract quality. Specifically, the HNN-based tool achieved significantly higher
correlation coefficients for clarity, relevance, and legal accuracy compared to all other models. This suggests that the HNN-
based tool is the most effective model for evaluating contract quality based on the three evaluation criteria.

The use of the HNN-based tool has important implications for the legal industry. The tool can improve the accuracy
and efficiency of contract analysis and evaluation, which can save time and reduce errors in legal proceedings. The HNN-
based tool can also be used in contract drafting to identify potential issues and improve contract quality.

In conclusion, our study demonstrates the potential of hybrid neural network technology in improving the accuracy
and efficiency of contract analysis and evaluation in the legal industry. The HNN-based tool can provide accurate and
reliable contract evaluation based on multiple evaluation criteria and has significant implications for the legal profession.
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Abstract

In recent years, the use of artificial intelligence (Al) and machine learning (ML) techniques has proliferated in
various sectors, including law and legal proceedings. This study aims to assess the effectiveness of hybrid neural network
(HNN) technology in the legal domain. We conducted a comparative analysis of HNN-based models and traditional methods,
focusing on case outcome prediction, legal document analysis, and contract drafting. Results indicate that HNN technology
significantly outperforms traditional approaches, highlighting its potential to enhance legal decision-making and streamline
legal processes. The legal industry relies heavily on the drafting and interpretation of contracts, which can be a time-
consuming and error-prone process. Automated contract analysis and evaluation tools based on artificial intelligence (Al) are
being developed to improve the efficiency and accuracy of this process. In this study, we investigated the effectiveness of
using hybrid neural network (HNN) technology in law and legal proceedings. Specifically, we compared the performance of
the HNN-based tool with other models, including template-based systems, rule-based expert systems, deep learning models,
support vector machine (SVM) models, convolutional neural network (CNN) models, named entity recognition (NER) models,
long short-term memory (LSTM) models, and transformer-based models, in evaluating contract quality based on three
evaluation criteria; clarity, relevance, and legal accuracy. Our results demonstrate that the HNN-based tool outperformed all
other models in all evaluation criteria, indicating its superior effectiveness in evaluating contract quality. These findings have
important implications for the legal industry, highlighting the potential benefits of using HNN technology in legal proceedings
for accurate and efficient contract analysis and evaluation.

Keywords
hybrid neural network, law, legal proceedings, artificial intelligence, machine learning, case outcome prediction,
legal document analysis, contract drafting
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