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Abstract 
The deep integration and application of Artificial Intelligence (AI) to organic chemistry are the development 

of organic chemistry synthesis laboratories toward an intelligent automated laboratory model characterized 

by “software + hardware + AI”. This paper scientifically explores the overall working of AI-driven 

intelligent in laboratories for organic chemistry synthesis, methodology, achieving automation and flexibility 

through uniform experimental integration workplaces and intelligent scheduling and collaborative man 

agreement of experimental resources. The paper proposes a cloud-based shared operational model for 

chemical laboratories, aiming to achieve socialized sharing and smart matching of experimental resources. 

Practical cases of building intelligent chemical laboratories are shared, providing paths for technology 

implementation in constructing the next generation of automated and intelligent chemical laboratories. 

Keywords: Organic chemistry synthesis; Laboratory automation; AI-driven intelligent chemical 

experiment; Cloud-based shared laboratory 

 

Introduction  

Artificial Intelligence and Computational 

Chemistry 

The deep integration of computer simulation and 

artificial intelligence is reshaping the landscape of 

scientific research. When traditional chemical 

calculations meet machine learning technologies, 

their synergy not only accelerates drug 

development and material design but also opens up 

new perspectives for understanding molecular 

behaviour. By establishing intelligent analytical 

systems, scientists can more accurately capture key 

patterns in molecular dynamics, reducing the time 

required to verify experimental hypotheses from 

years to mere months. This technological 

integration not only enhances research efficiency 

but, more importantly, constructs a learning 

platform capable of autonomously optimising 

experimental schemes. In the exploration of novel 

catalysts or drug molecules, the system 

continuously refines predictive models based on 

historical data, paving new paths to overcoming the 

limitations of traditional research methods. As a 

result, researchers are empowered to make 

informed decisions rapidly, facilitating 

breakthroughs that could significantly impact 

various fields, including pharmaceuticals and 

materials science. This shift towards data-driven 

methodologies marks a pivotal evolution in the way 

scientific inquiries are conducted, fostering a 

culture of innovation and collaboration. 

Collaboration among interdisciplinary teams 

becomes increasingly vital, as diverse perspectives 

can lead to more comprehensive solutions. This 

synergy not only accelerates the pace of discovery 

but also enhances the potential for creating 

sustainable technologies that address pressing 

global challenges. As researchers continue to 

harness the power of advanced analytics and 

machine learning, the boundaries of traditional 

research are continually being expanded. This 

integration of technology and science promises to 

unlock new avenues for exploration, ultimately 

transforming our understanding of complex 

systems and their interrelationships. By leveraging 

these tools, scientists can analyse vast datasets with 

unprecedented speed and accuracy, revealing 

patterns and insights that might have remained 

hidden in the past. Consequently, this evolution in 

research methodologies paves the way for 

innovative approaches that could revolutionise 

industries and improve quality of life on a global 

scale. Such advancements not only enhance our 

capacity for discovery but also foster collaboration 

across disciplines, encouraging a more holistic 

view of challenges faced by society. As researchers 

continue to push the boundaries of what is possible, 
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the potential for ground-breaking solutions 

becomes increasingly tangible. [1,2]. 

The Origins of Artificial Intelligence and 

Computational Chemistry 

Driven by advancements in computer technology 

and molecular science research, a multidisciplinary 

field known as computational chemistry emerged in 

the mid-20
th
 century. This field uses computer 

programming and mathematical modelling to 

digitally recreate the dynamic behaviour of 

molecular systems. To create numerical simulation 

systems that can analyses tiny processes like 

chemical bond formation and breaking and the 

evolution of intermolecular forces, researchers 

employ the basic ideas of quantum theory inside a 

framework of classical mechanics. By observing 

important details about chemical reactions, like 

transition state structures and energy transfer 

pathways, at atomic-level resolution, this numerical 

experimental method overcomes the spatial and 

temporal constraints of conventional laboratory 

research and offers a novel theoretical viewpoint 

for determining the underlying laws of chemical 

phenomena.[3,4]. However, hardware performance 

constraints limited the investigation of 

computational chemistry in the early phases of 

computer technology development. Researchers 

had to simplify models and scale down simulations, 

which led to notable variations in their predictions 

of molecular behaviour. This topic has made 

significant progress thanks to advancements in 

parallel computing architectures and chip 

manufacturing technology, especially the growth of 

supercomputing clusters [5,6]. 

Product Prediction 

Multidimensional compound property prediction 

has emerged as a key tool in the domains of 

advanced materials engineering and drug 

development. Molecular polarisability prediction 

errors have decreased thanks to the multi-modal 

modelling framework that combines high-

throughput experimental data with quantum 

chemical computations. On the TLC/HPLC 

automated platform, researchers have implemented 

a deep tensor network-based separation parameter 

prediction method. The paradigm for molecular 

engineering research and development is being 

rebuilt by this clever closed loop of computing and 

experimentation. A universal and transferable 

multi-level graph convolutional neural network 

(MGCN) for chemical property prediction was 

proposed by Chengqiang Lu et al [7]. This 

approach effectively predicts molecular properties 

by directly integrating the quantum interactions of 

molecules, representing each molecule as a graph to 

maintain its internal structure, and extracting 

features from conformation and spatial information 

using a carefully constructed hierarchical graph 

neural network.  

The model's validity, adaptability, and 

transferability are demonstrated by MGCN's strong 

performance on equilibrium and non-equilibrium 

molecular datasets. A Kriging learning system was 

created by Fletcher TL et al. that can precisely 

decipher how the atomic electron density responds 

to shifts in the locations of neighbouring atoms. 

The generalization ability of this Kriging model 

was confirmed in test systems for aromatic amino 

acids (histidine, phenylalanine, etc.) by altering 

their geometric structures through local minimum 

position vibrations on the Ramachandran plot. In 

these novel molecular configurations, the predicted 

electrostatic potential energy demonstrated a high 

degree of consistency with actual measurements. 

The ability to accurately and effectively predict 

compound molecular performance is crucial to the 

design of organic substances. Hansen K’s team 

developed a series of effective methods to estimate 

molecular energy, successfully achieving a 

theoretical leap from classical empirical methods to 

a machine learning-driven paradigm in the 

molecular energy calculation system by 

constructing a technological evolution path from 

basic atomic contribution models to multi-body 

quantum synergy analysis frameworks [8,9]. 

Artificial Intelligence-Driven Retrosynthetic 

Analysis Model 

The feasibility of compound synthesis anticipated 

by computer-aided synthesis planning (CASP) tools 

such as AiZynthFinder can be rapidly evaluated 

using a machine learning-based retro-synthesis 

accessibility score (RA score) as proposed by Amol 

Thakkar et al.  Research shows that RA score not 

only outperforms other synthesis complexity scores 

(such SA score, SC score, and SYBA) in separating 

synthesizable from non-synthesizable chemicals, 

but it also speeds up calculation by at least 4500 

times. This enhances the quality of bioactive virtual 

screening by making RA score a potent tool for 

pre-screening the synthetic viability of millions of 

compounds in virtual molecular libraries. 

Furthermore, RA score can be tailored to meet the 

objectives of a particular project or user and can 

take use of developments in synthesis planning 

technology. The paper illustrates RA score's higher 

performance across several datasets by using 

extended connectivity fingerprints (ECFP6) as 

descriptors and optimizing model parameters using 

the Optima framework [10]. 
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Artificial Intelligence-Driven Reaction 

Prediction 

Multiple Linear Regression (MLR) has evolved 

into a standard method for modelling 

multidimensional features within the field of 

chemical facilities, particularly quantitative 

structure-liberation-relationship research (QSAR). 

In contrast to the unilabiate linear model that 

records the separable parameters impersonation, 

MLR provides a computing structure that 

simultaneously considers several predictors and 

combines interpretability with predictive accuracy 

for optimization of complex organic synthetic 

states. Usually, most reactions only achieve the 

desired efficiency and selectivity through a clever 

combination of substrates, catalysts and conditions. 

Therefore, an accurate assessment of the reactivity 

and selectivity of the Synthesis Prediction is 

important for successful molecular synthesis 

design. Given the huge molecular structure regions 

and various regulators, there is currently no simple 

formula that quantitatively explains the universal 

laws of molecular synthesis. Synthetic Prediction 

continues to be one of the central challenges of AI-

controlled synthesis. Traditional research is often 

based on experienced strategies. By summarizing 

the available data, synthetic chemists can derive 

local structural and structural activity relationships 

for specific goals for rational design, and derive 

improvements in the synthetic transformation of . 

However, this empirical approach lacks prision and 

prediction capabilities. Data-controlled methods 

have provided a new perspective to solve 

preliminary problems with synthesis. With the help 

of advanced AI algorithms and abundant chemical 

data, research has shown that machine learning 

models can accurately predict responses to 

responses and selectivity that sometimes exceed the 

judgment of experienced chemists. These models 

can support chemists, efficiently examine new 

catalysts for targeted reactions, and provide 

powerful AI tools for molecular synthesis. These 

studies demonstrate the immense potential of 

machine learning in synthetic chemistry, and 

promise to accelerate the process from the 

development of synthetic methods to the discovery 

of functional molecules. 

Developed by E. J. Corey and colleagues, the 

LHASA program allows for the design of complex 

molecular synthesis paths through interactive 

graphical interfaces. This embodies the concept of 

retroitosytic thinking of target molecules into 

simple starting materials that optimize synthetic 

routes [11]. This retrosynthetic analysis highlights 

logical and systematic synthetic plans and 

effectively prevents combinatorial explosions. This 

demonstrates how this will promote the 

development of scientific research instruments with 

improved computational skills. Scientists robustly 

support scientific exploration and fulfill the 

scientific achievement of the scientific revolution. 

Implementation of Smart Chemistry 

Laboratories 

Given the fact that traditional materials integration 

and drug research and development remain in 

experimental and empirical stages, they face typical 

challenges such as high experimental costs, low 

success rates, and lack of hidden information. We 

strive to provide a standardized experimental 

platform for scientific research and development 

processes such as chemical synthesis and new 

material testing. The visualization interface clearly 

presents the core architecture of an AI-controlled 

intelligent chemistry experiment platform. The 

central area of the deep blue background focuses on 

the modular physical layout of the laboratory, 

clearly identifying key functional zones such as 

materials database, reaction zones, reaction zones, 

glove compartment zones, post-processing zones, 

and product storage zones. Dynamic data is 

embedded on both sides. The left side provides 

real-time tracking of statistics, device status, and 

personal dynamics, while the right side allows for 

total monitoring via device usage diagrams and 

alarm byte notifications. The overall design with 

intuitive modular structure, high contrast blue and 

white color schemes and warning indicators 

highlights the cooperative operation scenario of 

automated work stations, multidimensional 

laboratory monitoring and intelligent integrated 

control. Interpret relevant platform features 

Conclusion 

With the rapid development of AI, synthetic 

chemistry will change into the "intelligent" era. AI 

is integrated into an automated synthesis platform, 

creating intelligent laboratories that allow 

automated experiment execution, real-time 

feedback and condition optimization. Cloud-based 

AI systems support chemists in remote operational 

experimental equipment. AI also uses chemical 

databases and algorithms for machine learning to 

plan molecular structures and synthetic pathways. 

In the future, intelligent decision-making systems 

and personalized synthetic techniques will allow 

chemists to quickly design and synthesize Taylor 

Made connections. Additionally, chemistry training 

includes knowledge of AI and data science, 

promoting a new generation of chemists from an 

interdisciplinary background  
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