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Abstract: The pharmaceutical industry uses traditional training and evaluation approaches that often lack personalized 

learning, interactive training, and immediate performance assessment thus restricting their effectiveness in today’s fast-

paced educational environments. The Solution implements an AI-based chatbot system that supports pharmaceutical 

training along with evaluation needs. The chatbot functions as an interactive learning assistant which enables students and 

trainees to participate in real-time dialogues while accessing pharma-related assignments along with quizzes that deliver 

instant personalized feedback for each user. It leverages a fine-tuned large language model LLaMA 2 which delivers context-

specific accurate results for pharmaceutical inquiries including both unstructured questions and structured learning 

content. The system features three operational modes which enable users to interact through domain-specific questions i.e. 

Interactive Question & Answers (1), complete multiple-choice quizzes with automatic evaluation and scoring i.e. Quiz Mode 

(2) and generate questions for deeper learning and assessment. i.e. Assignment & Training Questionnaire Generator (3). To 

evaluate the solution effectiveness, Available open-source datasets used to fine-tune LLaMA model. The chatbot's 

performance was assessed through qualitative assessment and its ability to accurately interpret input and generate output. 

The AI solution delivers simplified knowledge distribution and assessment during remote training sessions while 

simultaneously reducing time requirements for evaluation tasks. Future improvements to this system might include support 

for multiple languages as well as real-time analytics integration and learning paths. The chatbot system provides users with 

assessment tools and evaluation criteria allowing users to monitor their learning growth at any time from any location. The 

system includes interactive training tools such as quizzes together with questionnaires and assignment prompts to get 

continuous user participation while reinforcing their knowledge acquisition. Through this intelligent system, the model not 

only delivers informative responses but also encourages self-assessment, making it a valuable tool for modern 

pharmaceutical training and education. 
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I. INTRODUCTION 
 

Artificial intelligence integration into education and 

training has transformed student learning experience and self-

evaluation practices [2]. These chatbots represent one of the 

recent educational advancements which deliver learning 

through real-time feedback and human-like interaction that 
traditional teaching methods do not provide [7]. Educational 

environments gain advantages from chatbots because these 

systems both interpret user inputs and produce conversations 

which mimic human dialogue [3]. The proposed system 

https://doi.org/10.38124/ijisrt/25apr1781
http://www.ijisrt.com/
https://doi.org/10.38124/ijisrt/25apr1781


Volume 10, Issue 4, April – 2025                                 International Journal of Innovative Science and Research Technology                                          

ISSN No:-2456-2165                                                                                                               https://doi.org/10.38124/ijisrt/25apr1781 

 

IJISRT25APR1781                                                              www.ijisrt.com                                2734  

implements a domain-specific AI chatbot system to assist 

pharmaceutical training and evaluation processes. 

 

The pharmaceutical industry requires extensive training 

for students and professionals before they can perform their 

duties in healthcare and research settings. Traditional 

teaching approaches such as static displays and instructor-led 

classes along with manual student assessment systems show 
limitations because they consume substantial time and 

resources and fail to scale. Moreover, the need for real-time 

support, frequent assessments, and on-demand explanations 

of complex topics makes a strong case for technology-driven 

learning solutions. The chatbot system unifies multiple 

features that enable users to obtain pharma-related answers 

through conversations while taking quizzes and receiving 

feedback and generating training assignments. 

 

The system employs LLaMA 2 (7B) Chat which serves 

as a large language model that received additional fine-tuning 

with pharmaceutical training information that includes 
medical terminology and drug safety and patient care 

standards [1]. The fine-tuning of the chatbot enables it to 

generate contextually specific and highly relevant responses 

which align with pharma standards and objectives for 

pharmaceutical training. The model receives improved 

capability to deliver regulatory-compliant advice after fine-

tuning while maintaining actual workplace accuracy. 

 

The model-based chatbot differs from traditional 

chatbots because it can understand open-ended questions and 

deliver detailed human-like responses rather than basic intent 
recognition. The system enables processing of various user 

communications while generating conversations that 

resemble real human interactions instead of basic response 

repetition. The system delivers fundamental structured 

features through its quiz assessment system and training 

question development function for complete learning 

activities. 

 

The interface contains simple buttons for quiz, 

assignment, and training questionnaire features that make it 

accessible to students who have no technical knowledge. 

 
This chatbot includes a quiz module as one of its main 

features which displays one multiple-choice question at a 

time and assesses user responses before providing immediate 

explanations [10]. This immediate reinforcement helps 

learners better understand key concepts and retain 

information more effectively. The assignment and training 

questionnaire modules provide features that promote critical 

thinking and self-assessment to encourage users to explore 

and reflect on essential pharmaceutical sciences topics. 

 

The chatbot implements the Hugging Face Transformers 
library for model operation with the LLaMA 2 model. The 

system enables users to perform mixed-precision inference 

through PyTorch while automatically mapping devices to 

access GPU resources. The system implements basic error 

handling for maintaining stable performance throughout user 

interactions. The current prototype uses an open-source 

dataset but it has full capabilities to link with real data from 

academic or pharma sources to improve customization and 

accuracy. 

 

To ensure educational reliability, the chatbot includes 

evaluation criteria defined in line with pharmaceutical 

guidelines, for knowledge assessment. The evaluation system 

utilizes score grading as well as checks for concept 

understanding with timestamped answer tracking and 
compliance assessment questions. The chatbot operates under 

data protection regulations and ethical standards that fulfil 

HIPAA and GDPR compliance when applicable. 

 

The architecture and logic of this chatbot system 

demonstrates potential applications in various educational 

domains which include biology, chemistry, nursing, and 

healthcare compliance. The modular nature of this system 

enables developers along with educators to modify quiz 

content and question templates and model prompts without 

requiring major changes to the core programming. The 

adaptable nature of this solution makes it suitable for future 
growth and implementation across academic institutions and 

training programs of industry. 

 

The chatbot tackles multiple obstacles which arise in 

remote and hybrid learning environment. With growing 

demand for flexible, self-paced training—especially post-

pandemic—AI tools like this offer a practical way to keep 

learners engaged without constant human supervision. The 

system provides automated assessment capabilities and 

intelligent feedback which reduces instructor workloads 

without compromising learning quality. 
 

The training and evaluation chatbot represent a 

substantial advancement in the direction of intelligent 

interactive pharmaceutical education. Advanced language 

models combine with user-friendly design to generate an 

effective learning companion through this solution. The 

following sections present detailed information regarding 

system architecture alongside implementation details and 

features and evaluation metrics followed by proposed future 

improvements and application scenarios. 

 

This chatbot matches the latest trend that focuses on 
personalized learning experiences. The chatbot adapts its 

explanation style and prompt types through user input which 

helps create a more responsive experience [4]. The 

pharmaceutical domain benefits from this adaptability 

because learners enter from different backgrounds at unique 

skill levels. The chatbot supports training process inclusivity 

through its ability to adapt to learning needs of individual 

pace. By AI implementation users gain independence to 

explore educational content while asking questions and 

testing their knowledge without experiencing criticism or 

pressure. This method allows students to learn continuously 
while demonstrating the wider evolution of AI-based 

educational systems in present-day professional training. 

 

The chatbot system includes features that allow it to 

scale up for real-world deployment. The backend system 

connects to a user-friendly frontend interface through Flask 

which provides web-based access to the system. The system 

https://doi.org/10.38124/ijisrt/25apr1781
http://www.ijisrt.com/


Volume 10, Issue 4, April – 2025                                 International Journal of Innovative Science and Research Technology                                          

ISSN No:-2456-2165                                                                                                               https://doi.org/10.38124/ijisrt/25apr1781 

 

IJISRT25APR1781                                                              www.ijisrt.com                                2735  

design allows students and professionals to use it from any 

location at any time. The chatbot's performance and response 

quality receive ongoing monitoring which will enable future 

development through user feedback and performance 

analytics. The system will develop new features including 

progress tracking dashboards and voice-based interactions 

and multilingual support and e-learning platform integration 

with Moodle or SCORM-based LMSs. The additional 
features will strengthen blended learning models and increase 

the chatbot's usefulness in various educational and corporate 

training environments. 

 

II. METHOD & METHODOLOGY 

 

A systematic approach was used to develop a strong and 

interactive training and evaluation chatbot for the 

pharmaceutical domain which includes data preparation, 

model training and future integration possibilities. The entire 

process was divided into two distinct phases: Phase 1, which 

included the collection, preprocessing, and fine-tuning of the 
model using a curated dataset, Configuration of system to 

deploy the solution and Phase 2, which outlines future 

integration plans and potential for domain scalability [Fig.3]. 

The approach ensured that both technical robustness and 

pharmaceutical compliance were prioritized at every step. 

This section offers a detailed overview of the procedures, 

instruments, and techniques required to make the training bot 

a reality. 

 

A. Phase 1: 

 
 Data Collection and Preprocessing 

To proceed with the chatbot training process a synthetic 

dataset was generated to simulate real-world pharma 

interactions. The dataset contains multiple question-answer 

pairs along with tags which are commonly found within 

pharmaceutical education and compliance domains and 

customer support environments. Synthetic data served as the 

primary choice for the Proof of Concept (POC) phase because 

it permitted the creation of diverse yet controlled simulation 

data. 

 
The dataset consists of two key files: 

train_data_chatbot.csv and validation_data_chatbot.csv 

[Fig.1]. 

 

The questions and answers mirrored typical situations 

including regulatory questions together with drug 

classification and patient care guidance as well as compliance 

procedures. A combination of user knowledge quizzes in 

multiple-choice format and basic conversational exchanges 

served as training examples within the dataset. 

 

Data preprocessing became crucial for making the 
dataset operational for training purposes. Tokenization 

efficiency improved through the implementation of text 

normalization alongside whitespace removal and standard 

question-answer pair formatting. Each entry contained 

designated labels and tags that specified interaction types 

including assignments and basic informational queries. 

Language processing techniques included stopword filtering 

and lemmatization to enhance model generalization 

capabilities across language variations. Data augmentation 

through paraphrasing and synonym substitution methods was 

used to expand the dataset and address its limited size. 
 

 

 
Fig 1 Structured Dataset for Finetuning 

 

 Dataset Evaluation 

All domain entries required verification against 

pharmaceutical sources that proved their factual accuracy. 

This ensured that the model would not propagate 

misinformation. The content received full evaluation for 

adherence to regulatory training standards (e.g., FDA, EMA) 

especially concerning patient safety and accurate dosage 

information as well as proper terminology usage [11]. A 

compliance checklist served as the basis for content screening 

which removed material that failed to meet educational or 

legal standards in pharma training. 
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The dataset followed an 80:20 distribution and 

converted into Jason format, further split into training and 

validation sets to enable learning while providing 

performance evaluation on real training data [Fig.2]. Cross-

validation approaches served to track model generalization 

performance while detecting overfitting and enabling the 

optimization of hyperparameters. The dataset underwent 

rigorous validation to create an appropriate foundation for 

pharmaceutical AI training systems. 

 

 
Fig 2 Structured Dataset after Preprocessing 

 

 Model Training or Fine-Tuning 

The fine-tuning process needed LLaMA 2 (7B) Chat 

model to adjust its parameters for processing pharmaceutical 
domain information. The Hugging Face Transformers library 

enabled the model to learn from question-answer pairs along 

with quizzes and training prompts which followed a 

conversational template structure. 

 

The following hyperparameters received proper tuning 

through empirical experiments for optimal training: 

 

 Learning Rate: 2e-5 – Chosen for stable convergence 

without overshooting. 

 Max Sequence Length: 1024 Tokens made sure there was 

enough context without being truncated. 

 Gradient Accumulation Steps: 2 – This simulates a bigger 

batch size on hardware that is constrained. 

 Weight Decay: 0.01 – Regularization to prevent 

overfitting. 

 Optimizer: AdamW – Chosen for its adaptive learning and 

weight decay benefits. 

 Loss Function: CrossEntropyLoss – Used for both factual 

Q&A and multiple-choice quiz training. 

 Warmup Steps: 500 – The model received permission to 

modify the learning rate during the first training phase. 

 Evaluation Strategy: After each epoch on validation data 

 Batch Size: 16 – with gradient accumulation for larger 

virtual batch size. 

 Early Stopping: Enabled (patience = 2 epochs) 

 Epochs: 5 – To prevent overfitting, a maximum of five 

complete dataset passes was established. 

 
FP16 mixed-precision training was activated to speed up 

the process while decreasing GPU memory requirements. 

Validation loss tracked during training led to early stopping 

when the performance remained constant. 

 

Configuration for Flask Deployment (LLaMA 2 7B 

Chat Model) 

 

 Local Deployment (Quantized Inference): 

 

 Deployment Framework: Flask (Python) 

 Operating System: Ubuntu 20.04 / Windows 11 (for dev) 

 CPU: 6–8 Cores (Intel i7 / Ryzen 7 or above) 

 GPU (Quantized): NVIDIA RTX  3090 / 4090 / A6000 

(24–48 GB VRAM) 

 RAM: 32 GB minimum (16 GB will not be enough for 

stable use) 

 Disk Space: 60–100 GB (model size ~15–25 GB + 

dependencies/cache) 

 Python Version: Python 3.9 or 3.10 

 Key Libraries:  Flask, transformers, torch, accelerate, 

bitsandbytes 

 Model Format: GGUF / HuggingFace Quantized Bin / HF 

Safetensors 

 Frontend Integration: Basic HTML/JS UI or React Chat 

UI 
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 Cloud Deployment (Quantized/Standard): 

 

 Deployment Framework: Flask with Gunicorn + Nginx or 

Docker 

 Operating System: Ubuntu 20.04+ (recommended) 

 CPU: 8 vCPUs or more 

 GPU (Quantized): AWS: A100 / GCP: A100/T4 with 40–

80 GB VRAM 

 RAM: 32–64 GB RAM (for loading model + multi-user 

inference) 

 Disk Space: 100 GB+ SSD (for model weights, logs, and 

frontend) 

 Python Version: Same (Docker or venv recommended) 

 Key Libraries: Add nginx, gunicorn, docker for 

production 

 Model Format: GGUF / HuggingFace Quantized Bin / HF 

Safetensors 

 Frontend Integration: Hosted via Flask or Reverse Proxy 

 

 
Fig 3 Flow Chart of the Proposed Project 

 Key Libraries Used for the Training Process 

Several open-source libraries and tools were utilized to 

streamline the training pipeline: 

 

 Transformers (by Hugging Face): Model loading, 

tokenizer integration, and training interface. 

 PyTorch: Model training and GPU acceleration using a 

backend deep learning framework. 

 Pandas: Data frame operations for processing CSV-based 

datasets. 

 Scikit-learn: Used for data splitting and evaluation metric 

support. 

 Flask: To create web-based deployment and API for 

frontend interaction. 

 

B. Phase 2: Future Scope and Integration 

Although the current version is targeted for pharma-

based training and evaluation, the architecture is quite 

flexible and can be used for other domains in education and 
corporate. Some of the possible directions for improvement 

and expansion include: 

 

 Real-World Dataset Integration: Pharma training datasets 

from industry or academic institutions are used instead of 

synthetic data for more realistic evaluation and regulatory 

compliance. 

 LMS Integration: To integrate the chatbot seamlessly with 

Learning Management Systems (LMS) such as Moodle or 

Canvas and thus, which enables the chatbot to be 

integrated with the existing training procedures. 

 Voice-based Interaction: Enhancing accessibility by 

implementing speech-to-text and text-to-speech 

capabilities, especially for mobile users or visually 

impaired learners [8]. 

 Multilingual Support: To fine-tune or prompt the model 

for multiple languages in order to support global 

pharmaceutical training audiences. 

 User Progress Tracking: To allow dashboards for trainers 

and learners to track quiz performance, topic 

understanding and engagement level. 

 Adaptive Learning Capabilities: Reinforcement learning 

is used to dynamically adjust the question difficulty and 
content delivery based on learner performance [9]. 

 

Emphasis will still be on the compliance with GCP 

(Good Clinical Practice) and pharma training regulations as 

the system evolves. The chatbot’s ability to provide on-

demand, regulation-aligned and consistent training will go a 

long way in unburdening the human instructors while 

fostering interactive learning in a scalable manner. 

 

 Workflow Process: 

 

 The chatbot allows users to access it through web 

interface as well as Email and SMS and WhatsApp. The 

user chooses between four options which include general 

questions and quizzes and assignments and feedback 

submission. 
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 The NLP system analyses user inputs to identify medical 

terminology and determine user intent and emotional 

expressions. 

 The system analyses feedback through sentiment analysis 

to detect positive or negative or neutral emotional tones. 

The fine-tuned LLaMA model produces a response that is 

both personalized and specific to the pharma industry. 

 The response receives its format according to the selected 
communication method between Email and SMS and 

WhatsApp and others. The model operates through 

FastAPI an API which enables straightforward integration 

with pharma CRMs and learning platforms. 

 System logs interactions and collects feedback for 

continuous improvement. 

 The collected responses together with usage data enable 

future development and adaptive learning capabilities 

[Fig.4]. 

 

 
Fig 4 Architecture Diagram 

 

III. RESULTS 

 

 Insights from Model Deployment and Outcome 

Evaluation 

The transition of the LLaMA 2-based pharma training 

chatbot from prototype to real-time deployment allowed us to 

evaluate its ability to process educational inquiries and 

pharma-related quizzes and conversational dialogues. The 
model demonstrates its performance through quantitative 

metrics and interaction reliability and its potential for 

enterprise training scalability. 

 

 Evaluation Metrics and Model Performance 

 

 Training loss stabilized at 0.1. 

 The model achieved a perplexity score of 1.045, 

demonstrating strong coherence in generating pharma-

specific training responses. 

 
 BLEU Score – Message Quality Evaluation 

The model produced responses with 91.3 BLEU score 

based on a limited set of pharmaceutical answers that 

reflected both language coherence and response context. The 

score indicates that the chatbot provides reliable human-like 

responses in both training and quiz scenarios [5]. 

 

 Accuracy – Domain Response and Quiz Evaluation with 

Business Impact 

The chatbot evaluation occurred through two main 

assessment categories which included domain response 
precision and quiz interaction performance. The 

pharmaceutical Q&A platform had an accuracy of 98.4% 

because it provided factually correct responses to synthetic 

pharma data that the bot transformed into relevant outputs 

[Fig.5] [6]. The quiz modules enabled the system to generate 

and evaluate user responses while achieving a success rate of 

94.7% through its adherence to standardized assessment 

procedures [Fig.6, Fig.7]. 

 

The high-performance level of this system enables 

organizations to automate their training and support processes 
which in turn preserves pharma compliance accuracy. The 

system supports knowledge retention and regulatory 

adherence through its ability to both distribute training 
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content and correctly interpret it along with proper answer 

evaluations. 

 

The business advantages include enhanced training 

flexibility and reduced operational expenses together with 

faster employee induction especially when employees are 

dispersed across different locations or when turnover rates are 

high. It also enables teams to change more quickly to 
regulatory updates or areas without the delay or gap in 

understanding—thus pharma teams will be able to keep pace 

with the changing standards of the industry. 

 
 

Fig 5 Evaluation Scores 

 

 
Fig 6 Evaluating the Quiz 

 

 
Fig 7 Generating Quiz 
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 Scalability and Enhancement to Improve Performance 

and user Experience 

The scalability and improvement of the AI-powered 

pharma training bot is crucial for both long-term viability and 

an engaging user experience. The system's foundation 

includes scalability features that allow it to meet growing 

demands while maintaining its operational standards. The 

system operates through cloud-based infrastructure which 
enables automatic resource allocation for efficient handling 

of heavy traffic and scales its GPU instances running on AWS 

platforms. This supports the growth of the number of users 

and the responsiveness even as the user base grows across 

academic and corporate sectors. 

 

Model scalability is also equally important, and LLaMA 

2 7B is a good starting point for context-aware response 

generation. The system uses modular architecture which 

allows simple additions of advanced language models and 

specialized modules for new pharmaceutical regulations and 

topics. The system handles data scalability through its initial 
deployment of opensource training datasets while including 

provisions to add real-world pharmaceutical data later. 

Techniques like paraphrasing and dataset expansion add to 

the training material, which means that the training material 

is diverse and relevant. Users experience low-latency high-

quality interactions because the system includes 

authentication along with performance analytics and progress 

tracking features for an expanding user base. 

Several improvements are planned to enhance the 

capabilities of the bot and the user engagement in order to 

complement this scalability. The introduction of multilingual 

support will enable the chatbot to serve a global audience, 

providing region specific support and inclusivity. Enhancing 

context-aware interaction will enable the bot to handle long, 

multi-turn conversations by using advanced memory 

management techniques, which will result in more 
personalized and accurate responses. Real-time external data 

sources such as drug databases and research publications and 

regulatory feeds will be integrated to maintain the chatbot's 

pharmaceutical domain knowledge [12]. The conversational 

interface of the system enables users to ask questions and 

complete quizzes and assignments which makes it an 

essential tool for independent study and guided instruction 

[Fig.8, Fig.9]. The features of personalization, which will be 

driven by machine learning algorithms, will enable the bot to 

tailor content delivery to the learning style and progress of 

individual learners, thereby improving engagement and 

knowledge retention Finally, integration with Learning 
Management Systems (LMS) integration will transform the 

chatbot into an intelligent learning companion by providing 

structured course delivery and performance analytics for 

progress tracking. The comprehensive learning companion 

status of the chatbot results from these scalability features and 

enhancements which make it adaptable, effective and user-

focused for an evolving digital learning environment. 

 

 
Fig 8 Generating Training Assignment 

 

 
Fig 9 Generating Training Questionnaire 

 

IV. CONCLUSION AND FUTURE SCOPE 

 

 Conclusion 

The AI-powered pharma training bot represents a 

tremendous leap in individualized education and training for 

the pharmaceutical industry. The large language model 

chatbot provides an interactive scalable solution that will 

efficiently train pharmaceutical professionals and students. 

The chatbot maintains high accuracy through its 
domain-specific knowledge base and robust system 

architecture when delivering pharma-related information and 

adhering to regulatory guidelines. The bot's adaptability 

through synthetic data integration and future expansion 

potential makes it a valuable tool for both learning and 

performance evaluation. 
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The chatbot shows high scalability because it can handle 

growing user numbers as well as expand its functionalities in 

line with pharmaceutical field developments. The solution is 

attractive to academic institutions together with industry-

based training programs because it offers flexible and 

accessible learning tools. 

 

 Future Scope 
The pharma training bot shows great potential for 

development in multiple directions for the future: 

 

 Enhanced Customization for Users: Future versions of the 

bot will include user role-specific customization options 

for regulatory professionals and clinical researchers and 

pharmacists. The chatbot provides an individualized 

learning experience by modifying its content and quiz 

selection to meet requirements of different user roles. 

 Real-time Data Integration: Real-time updates become 

possible through the bot by integrating data feeds from 

regulatory bodies and pharmaceutical companies and 
ongoing clinical trials. Users will get instant alerts about 

industry news such as drug approvals and regulatory 

changes and market trend updates. 

 Advanced Analytics and Reporting: The implementation 

of AI-driven analytics can help in analysing user progress 

and identifying strengths and weaknesses. The addition of 

predictive analytics allows the system to predict learning 

outcomes and create personalized study paths which 

deliver the most relevant content to learners. 

 Collaboration and Industry Partnerships: Pharmaceutical 

organizations together with universities and training 
institutes will help refine the bot’s knowledge base 

through partnerships which maintain its alignment with 

present-day industry standards. The chatbot will gain 

wider adoption as an educational tool in the pharma 

industry through these collaborative efforts. 

 Global Expansion: The chatbot will establish itself as a 

global pharmaceutical training resource by offering 

multilingual capabilities which enable learners from 

different linguistic backgrounds to obtain high-quality 

content tailored to their regional regulations and practices. 

 
In conclusion, this pharma training bot has the potential 

to revolutionize how pharmaceutical education and 

compliance training are delivered. Further development of its 

features and scalability and the addressing of future 

challenges such as real-time data integration and user 

personalization will enable the bot to grow into a complete 

and globally applicable training tool that supports continuous 

professional development in the pharmaceutical industry. 
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