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Abstract
Stem cells are undifferentiated cells that has the ability to form various types of functional cells, all the while retaining their inherent potential and originality. 
Modern medicine is moving towards replacing the damaged tissues rather than just treating the illness alone, like in the old times. Various studies are being 
conducted to explore the huge potential hidden in stem cells and to exploit their ability of regeneration into various types of cells in order to integrate them in 
the treatment process. Currently several fields of medicine including orthopedics are using stem cell therapy in different modalities of the treatment. Stem cells 
are the core in this new field of regenerative orthopedics (RO), which is ever evolving and the protocol of designing and implementation for a safe practice 
requires large data analysis in terms of their efficacy and ethical acceptance. Some data are too complex for the human mind to be done faster. Hence several 
computed programs and software are being created to analyze complex medical data and make the regenerative orthopedics an effective treatment. Artificial 
Intelligence (AI) has turned a new leaf in the field of science and medical world. The AI is still evolving with ongoing multiple researches and has unavoidable 
huge future prospects in the field of medicine. This article is an attempt to combine the application of artificial intelligence in the field of regenerative 
orthopedics in order to analyze the treatment, advantages, disadvantages, limitations and prospects.
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1.  Introduction

Stem cells have infinite self-renewal potential that can 
differentiate into any type of cell in the body. Based on 
the ability of differentiation, the stem cells are classified 
as Totipotent (can form an entire organism- eg. Zygote), 
Pluripotent (can’t form an entire organism but can differentiate 
into all types of cells-eg. Blastocyst), Multipotent (can form 
only a particular group of cells-eg. Mesenchymal stem cells), 
Unipotent (can form single cell type only-eg. Neuronal stem 
cells).1,2 For ethical reasons, totipotent and pluripotent stem 
cells can’t be used in the treatment. The multipotent stem 
cells (Mesenchymal stem cells – MSC derived from the bone 
marrow) are the most commonly used cells in regenerative 
orthopedics.3,4 Fetal stem cells derived from umbilical 
cord, Wharton jelly, placenta, amniotic membrane have 
more efficacy than the stem cells obtained from adult bone 
marrow.5,6 Studies are being done to use genetic engineering 

to reprogram the differentiated cells into undifferentiated 
cells. Such artificially reprogrammed cells are called Induced 
Pluripotent Stem Cells(iPSC). Mesenchymal stem cells 
from bone marrow are induced by genetic reprogramming 
into pluripotent stem cells (iPSC) and from them attempts 
are being made to regenerate the human organ. Such organ 
regeneration avoids the complications related to transplant. 
Artificial intelligence plays a huge role in coding the genetic 
engineering protocols and makes it much easier to reprogram 
the cells.7,8 

Artificial Intelligence is the science of making intelligent 
machines. The term was coined by John McCarthy in the 
year 1956.9 AI is ever evolving with an ultimate motive 
to create machines with super human intelligence that 
are able to think, see, hear and act like a human being.10 
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Such super human intelligence makes it easier to analyze any 
complex medical data that is difficult to analyze with human 
intelligence alone. This superhuman analysis is of great use 
in the diagnosis, treatment and prognosis in several clinical 
scenarios.11 Despite the number of trials being done, there are 
several challenges and limitations being encountered. This 
article integrates AI and RO and makes it easier to study 
the advantages & disadvantages, challenges, limitations and 
their prospects.

2.  Artificial Intelligence(AI)

Artificial intelligence is the machine intelligence that has 
revolutionized almost every industry which is virtually and 
physically implemented in the field of medicine. Virtual uses 
include gathering, storing, analyzing complex medical data 
records and find patterns that are beyond human capacity. 
Physical uses of AI include robotic surgeries, nanobot drug 
delivery and many upcoming researches.12

 AI algorithms require comprehensive databases that 
include images, notes, genetic sequences, audio and video 
recording of patients. Such algorithms have been designed 
to establish precise diagnosis, select the target medications, 
minimizing the medical errors.13 A diagnostic algorithm 
was designed for early diagnosis of breast cancer and 
implemented successfully.14 With AI, machines can learn 
and improve over time, thereby can screen large number 
of patients faster and reducing the number of errors, saving 
lots of resources and human power.15AI enables machines to 
diagnose like human beings.16,17AI enables human specialists 
in making precise decisions.18 Studying human brain is 
the key element to develop the computed programs and 
algorithms for contextual intelligence in AI.19 Image and 
speech recognition is better performed with AI than humans 
alone.20 AI can collect specific patterned information out of 
the vast majority of mixed data and help in clinical decision 
making.21 AI speeds the entire workflow in the health  
care system.22

AI is implemented in early disease detection and found 
to easily diagnose the common diseases prevalent in the 
community.23 A radiological screening tool is designed 
with AI and has yielded good results.24 AI is used to track 
the cellular molecules, study multiple cellular interactions 
at the same time. AI was able to identify the modified and 
unmodified Epidermal Growth Factor Receptor. Thus, the 
biomarkers for several tumors can be identified earlier with 
help of AI.25 Currently several illnesses don’t have biomarkers 
and with AI this can be overcome in the future. Tuberculosis 
metabolite signatures which can forewarn the progression of 
the disease have been identified by AI.26

With the AI algorithms it is easy to design new 
molecules, determine their therapeutic dosage, side effects 
and toxic dose. This reduces the clinical drug research time, 
use of animals for lab testing and human power.27 Many 
companies are using AI to research new molecular structures 
and find new drugs.28,29 AI has been used to predict the patient 

responses and setup right amount of check point inhibitors in 
the treatment of cancer with chemotherapy and radiotherapy.30 

The chemotherapy drugs and radiation interactions with the 
host tumor cells, normal cells are studied at bio-molecular 
level which helps in designing proper dosage protocols of the 
treatment.31

The applications of AI in regenerative medicine is the 
latest update in the field of AI. Since regenerative medicine is 
a novel field, there is much less data available which leads to 
increased use of resources and human error. Multiple tissue 
engineering models have been designed and tested. Robotic 
fabricated scaffolds are designed for setting up precise culture 
medium with proper consistency to co-culturing of different 
cells. The co-culturing of cells at different conditions needs 
to be identified to discover how an organ forms exactly.
AI can help in structuring an algorithm to predict organ 
formation. Organ transplantation field is going to be having 
some major breakthroughs after the perfection of the organ 
forming AI algorithm.32,33,34

3.  Regenerative Orthopedics(RO)

Mesenchymal stem cells are the backbone of regenerative 
orthopedics. The current researches focus on using MSCs in 
preclinical and clinical studies.35 Three common focus areas 
of RO include - incorporating the MSCs into 3D scaffolds for 
tissue replacement in vivo using allogenic donor cells to replace 
the genetically mutant recipient cells thereby correcting the 
genetic defects; MSCs are used as a means to secrete cytokine/
growth factors to enhance the repair of damaged tissues. These 
methods are tried in various animal models for achieving 
cartilage repair and bone regeneration and also implemented 
in the treatment of non-union, spinal fusions, bone cysts, 
osteonecrosis and various bone defects. 36,37,38

Children with osteogenesis imperfecta are treated 
with MSc therapy and it is found to improve the bone 
growthvelocity.39 MSC therapy prevents functional bone loss 
in senile osteoporosis in animal model.40 MSC cell therapy has 
given promising results in intervertebral disc degeneration 
in animal models.41 The source of MSC has a controversy 
whether it could be from adipose tissue or the bone marrow.42 

A comparative study of adult equine mesenchymal stem cells 
derived from bone marrow and adipose tissue showed that 
the bone marrow derived MSC has good potential.43 MSCs 
have very low yield capacity and if they are cultured for a 
long time, they lose their plasticity and undesired mutations 
occur. So short term culture is preferred for studies.44,45

Allogenic stem cells are better than autologous cells 
in elderly patients and patients with mutated MSCs as in 
osteoarthritis.46,47 Mass production and ready availability is 
much better with allogenic stem cells. Studies show that 
immune reactions can occur in the recipient from donor 
allogenic stem cells.48

Pluripotent Embryonic Stem Cells (ESCs) have major 
ethical dilemma but are superior to MSC and studies are still 
being made for the use of ESCs in regenerative orthopedics. 
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ESCs derived from a mice and its injection around the injured 
spinal cord of that mice, suggested a good motor neuron 
recovery.49 Equine ESCs differentiate into tenocytes with 
TGF-b3 stimulation.50 We have a limited knowledge of ESCs 
biology and they are known to induce teratomas.51 So we 
need to develop new protocols for using ESCs. Human ESCs 
extraction destroys the embryo, and it has huge ethical and 
religious dilemma. A new technique was developed to make 
pluripotent cells from fibroblasts by adding the transcription 
factors SOX2, c-MYC, KLF4 or OCT3/4. These cells were 
termed as induced pluripotent cells(iPSCs).52 This technique 
has avoided the controversy of obtaining ESCs from embryo. 
iPSCs have been found to enhance chondrogenesis with the 
addition of growth factors and hence it has a good potential 
in regenerating cartilage in articular cartilage injuries.53 

A study has proved that chondrocytes can be generated from 
iPSCs derived from the peripheral blood.54 One study has 
shown that iPSCs can be used for the treatment of spinal cord 
injuries.55 iPSCs have been used in the treatment of macular 
degeneration56 and Parkinson’s disease.57 Although iPSCs 
are cost effective and can be used without ethical issues when 
compared to the ESCs, they are still prone for genetic mutations 
which lead to tumorigenesis. So still research is being made to 
reduce the risk of mutations and to identify the cyclic mechanism. 

Hematopoietic stem cells are multipotent cells derived 
from bone marrow and they are transplanted into patients 
with various types of malignant, non-malignant disorders 
and autoimmune diseases. In chemotherapy and radiotherapy 
these cells enhance the recovery of the patients.58

4.  Components of AI in Health Care

AI is not a single technology but a collection of several 
technologies. The five basic things of AI technology are 
learning, reasoning, problem-solving, perception, and 
language understanding.59 

Important components of AI related to healthcare have 
been discussed here.

4.1. Machine learning

Machine learning is the technique to make machines learn 
by training models with data and it is the most used form of 
AI. Several patient data including their clinical parameters, 
history and treatment aspects are entered into AI and the 
machine learns the pattern and develops the ability to predict 
the future outcome of patients. There are two types of 
machine learning which include supervised and unsupervised 
learning. In supervised learning, both input and output data 
are provided to the model whereas in the unsupervised 
learning, only input data is provided. The goal of supervised 
learning is to train the model so that it can predict the output 
when it is given a specific set of new data.60 

Neural networks are a complex technology of Machine 
learning which not only view the problems in terms of 
variables of inputs, outputs and features but also makes 
several connections between those inputs, outputs and 
predicts an outcome just like neurons in the human brain.61 

Deep learning is a type of neural network technology 
with multiple layers. Deep learning is mostly used in 
healthcare to recognize the potentially cancerous lesions in 
radiology images that are difficult to see with naked eye.62,63

Figure 1: Depiction of a deep neural network.
Source: https:// www.ibm.com/cloud/ blog/ai-vs-machine- learning- 
vs- deep- learning- vs- neural- networks

4.2. Natural language processing

It is the ability of a machine to process and understand human 
language. This application helps in creating, perceiving, 
understanding and classifying the clinical documentation and 
published research. This requires large data of languages. They 
can analyze complex unstructured clinical notes comprising 
of large patient data and help in preparation of related reports 
such as radiological imaging. Medical transcription, doctor-
patient interactions and several other aspects can be easily 
processed into data for further new patient treatment. 

4.3. Rule-based expert system

Expert systems are based on collections of rules like ‘if-then’. 
Rule based expert system is mainly employed for supporting 
the clinical decision.63 Electronic health record system is also 
a rule based expert system that stores a large data. Such rule 
based expert systems need the knowledge of human experts to 
design the rules pertaining to a particular field of knowledge. 
They are easy to understand and work well up to a certain 
number of rules. If the number of rules increases over several 
thousand, then the rules begin to contradict each other, which 
breaks down the entire system. Also, if the domain of a 
selected knowledge is changed, then the rules to be changed 
will become very tough and time consuming. Due to these 
shortcomings, the expert systems are being replaced slowly 
by data and machine learning protocols.

4.4. Physical robots

Physical robots are known to everyone in the present world. 
The robots perform tasks that are pre-defined for them. Some 
of these tasks include lifting and repositioning of objects, even 
the welding or assembling of things at a factory, warehouse 
and they are also able to deliver bulk supplies to the hospital. 
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These robots have become increasingly collaborative with 
human tasks. Robots can be easily trained to perform any 
desired task. The robotic operating system is being installed 
with AI capabilities, and they are becoming more intelligent 
day by day. This operating system is like the human brain. 
So, we can expect robots to perform more like a human being 
in the near future.

Robotic assisted surgeries are being done at present with 
excellent precision than with human experts alone, though 
critical decisions are being made by surgeons.64 Robotic 
surgeries are more commonly employed in joint replacement 
surgeries especially knee replacement.

4.5. Robotic process automation

Administrative digital tasks with predefined script are 
being performed by machines just like a human user. This 
technology is called robotic process automation. Here just 
the computer programs and servers are needed, and an actual 
robot is not needed. So, this technology is less expensive 
when compared to other forms of AI. In the field of medicine, 
they are helpful for doing tasks in auto-repeat mode like 
booking appointments, updating patient bills and other data. 
Inputs can be extracted from images online or fax when this 
technology is combined with image recognition AI.65

These are the most used AI components in healthcare. 
Everyday research are being done to combine and integrate 
various other AI technologies and to use them in the medical 
field. With these new technologies, different combinations 
are being created and in future this may lead to solving more 
complex problems that are not feasible for human mind alone.

4.6. Hierarchy of AI 

1.	 Algorithm: They are automated instructions.
2.	 AI: Computers that mimic human intelligence.
3.	 Machine learning: AI + ability to learn new things
4.	 Deep learning: Machine Learning + self-learn the 

hidden 	 patterns from huge data collection + 
training a model.

5.	 Artificial neural networking: Recognize patterns 
+ process complex signals.

6.	 Convolutional neural networking: Image recog-
nition and processing.

4.7. AI-RO relationship

The regenerative orthopedics field has shortcomings in terms 
of huge data quantity, data analysis, methods to standardize 
techniques and human errors. The study of stem cell colony 
morphology is prone to human error and too difficult to 
accurately, especially in large culture studies. Attempts are 
being made to design an automated approach for analyzing 
the stem cell culture quality and segregation in order to 
bypass this shortcoming.66,67,68 AI deep learning is used in 
stem cell culture to detect abnormal cells accurately, count 
the stem cells noninvasively, identifying the morphological 
and behavioral patterns of the cultured cells.69,70,71,72 With 

the help of AI, fiber based matrixes are being used to 
design 3D scaffolds with the help of tissue engineering by 
optimizing the piezoelectric property of bio-printing. This 
has paved a way for future bio-printing researches73,74 in 
order to generate various new blueprints with which we can  
bio-print organs.75,76

AI can analyze the patient data and produce targeted 
patient specific biomaterials. With AI, the stem cell 
interactions and topology are studied and this application 
is used to find the reaction of stem cells in response to 
different stimuli, thereby the entire reaction cycle of the 
stem cell response can be studied.69 An AI deep learning 
stem cell model can study the cell behavior elaborately than 
human brain, thus reducing the time and resources needed 
for such a large experiment.77,78 Apart from topology, AI is 
used to determine stem cell differentiation, stem cell relation 
to the environment,79 detecting the pluripotent cell growth 
and formation.80 AI also provides the automated updates on 
stem cell colony quality control.81,82 After culturing a good 
quality of stem cell colony, it is imperative to prevent the 
graft vs host disease. This chronic graft vs host reaction is the 
leading cause of failure in stem cell therapy.83 Without AI it is 
almost impossible for human specialists to identify the exact 
phenotype marker that causes graft vs host disease in the 
recipient of stem cell therapy.84 AI can identify all the specific 
phenotypes that cause graft vs host disease and design a flow 
chart for decision making easily. In acute leukemia such 
decision-making flowchart was made with AI predictions 
to identify the stem cell mortality rate.85 AI has minimized 
animal experimentation with its accurate predictions.86 
Following are some of the studies made to integrate AI with 
stem cell therapy.

1.	 Kavita et al.87 used complex neural network AI to 
illustrate the features of stem cell colony, based on 
the descriptor extraction of the iPSC colony, and 
found 95.5% accuracy.

2.	 Kusumoto and Yuasa et al.88 used complex neural 
network AI to identify iPSC derived endothelial 
cells without labelling any molecule and produced 
results of high prediction.

3.	 Waisman et al.89 showed that complex neural network 
can identify the differentiated and undifferentiated 
stem cells and distinguish them with 99% accuracy.

4.	 Nishino et al.90 used trained AI models to identify 
the distinguished epigenetic signatures of iPSCs 
with 94.2% accuracy. 

5.	 Yu Yang et al.91 demonstrated that an optimal 
implantation of about 17–25 million MSCs can 
treat patients with cartilage damages with a reliable 
result.

6.	 Joseph et al.92 designed AI algorithms that are 
used for classification of OA knee with the help of 
imaging and non-imaging-based Machine Learning 
models with good reliable results.

Joint cartilage is invisible in plain radiographs. So, the 
cartilage loss is assessed indirectly by measuring the joint 
space. In 1989 computerized software was developed to 
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measure joint space in the hand93 and knee.94 At present an 
AI software is developed to automatically measure the wrist 
joint space.95

AI software measures the cartilage volume and thickness 
in MRI with good accuracy.96 Deep learning methods are 
designed to accurately measure and detect even minimal 
damage to the knee cartilage,97 and the methods are even 
further advanced recently to classify the different varieties of 
cartilage lesions.98

Used 3D convolutional neural network for scoring the 
severity of knee lesion and found that the method had high 
sensitivity, specificity, and accuracy. 99 Lok Sze Lee et al.100 
in their study used AI to detect osteoarthritis of knee and 
found it to be helpful in planning preoperative strategies for 
knee replacement surgery. The main drawback is that once 
the protocols are designed, any further addition of variables 
changes the result and so furthermore research are needed to 
overcome such limitations.

Shaohui Wang et al.101 developed an AI assisted deep 
learning and cloud computing conceptual model for the 
diagnosis of Rheumatoid disease and cartilage damage. 
Perni et al.102 introduced AI based poly-beta-amino-esters 
(PBAEs) in order to deliver the desired drugs into the 
damaged cartilage tissues for treatment. On repeating the 
procedure with optimal concentration, it is found that certain 
PBAEs improve the drug uptake more than 20 folds when 
compared to the routine clinical treatment. 

4.8. Future prospects

AI has tremendous potential in the future health care 
revolution. especially in the field of regenerative medicine. 
Some of the following developments are expected in the 
future of AI. Pharmacology industry is to be revolutionized 
by AI.103 AI programs design new drugs in less time, with 
decreased animal testing and with less human power and 
resources. New antibiotics, analgesics and several other 
drugs are to be waited for our use. AI can even discover newer 
materials that mimic human cartilage and even a human 
organ. Cartilage, bone and organ replacements are difficult 
at present due to scarcity and donor-recipient cross reactions. 
In future, with the development of AI all these shortcomings 
can be easily overcome. AI can give us a good biochemical 
design of implants104 with controlled degradation rate and 
hence a second surgery for implant removal can be avoided. 
Biodegradation of collagen scaffolds can be controlled by AI 
till we achieve the desired incorporation of that scaffold into 
the native tissues. Newer scaffolds of materials are identified 
by AI, like the Polycaprolactone (PCL). 

Polycaprolactone mesh can be made into a scaffold using 
AI and incorporated with Beta-Tricalcium Phosphate and 
when this combination is cultured with the pre-osteoblasts of 
mouse, it is found that there is increased collagen synthesis 
and mineralization which is much like that of the native bone-
cartilage interface. Enhanced healing rate is also observed.105 

Single stem cell biophysical and biochemical properties 
may be found in-toto with the help of AI by studying the 
nano topographical effect on single cell function.106 Once 
the behavioral response of stem cells are studied, the stem 
cell promoters and enhancers can be developed to achieve 
the desired response from stem cell therapy. AI research 
can be interlinked to achieve a unique database, so that all 
the AI researchers can benefit from this database with more 
information and less time consumption.

Deep Learning and neural networks are going to be 
integrated into the research and clinical applications in the 
future which is going to change the entire health care industry 
especially in the human biologics, tissue engineering and 
regenerative orthopedics.

5.  Limitations

The focus of this study is about the various aspects of AI 
application in regenerative orthopedics with a keen focus on 
stem cell therapy. We have discussed an overview of AI in 
stem cell therapy and the detailed analysis of each specific 
subtype of AI is beyond the scope of this paper.

6.  Conclusion

Regenerative orthopedics is an important branch in the field 
of regenerative medicine and it is becoming more and more 
important to find newer innovations. This is mainly due to the 
rising geriatric population across the whole world. Machine 
intelligence is taken to the next level by AI. Though AI has 
revolutionized the field of regenerative orthopedics with 
numerous successful developments, still there are many more 
hurdles in the future path especially with creating a perfect 
design of biomaterials and a complete understanding of stem 
cell biophysical and biochemical interactions. 

The exact genetics that influence the formation of a 
particular organ is essential to be discovered, in order to 
harness the full use of AI in reconstructing new organs and 
replacing the damaged organs. With AI, the current challenges 
are being tackled one by one and we are marching forwards 
to patient-specific and trauma-specific biomaterials. Hence 
the future of bone regeneration belongs to AI. But still AI is 
at its primitive point with regards to the knowledge and still 
more research are to be done for a detailed understanding 
about the relationship between AI and RO.
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