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Abstract: Artificial Intelligence (AI) is one of the biggest topics being discussed in the realm of Computer 
Science and it has made incredible breakthroughs possible in so many different industries. One of the 
largest issues with utilizing computational resources in the health industry historically is centered 
around the quantity of data, the specificity of conditions for accurate results, and the general risks 
associated with being incorrect in an analysis. Although these all have been major issues in the past, 
the application of artificial intelligence has opened up an entirely different realm of possibilities because 
accessing massive amounts of patient data, is essential for generating an extremely accurate model in 
machine learning (ML). This paper presents an analysis of tools and algorithm design techniques used 
in recent times to accelerate data processing in the realm of healthcare, but one of the most important 
discoveries is that the standardization of conditioned data being fed into the models is almost more 
important than the algorithms or tools being used combined. 

AI in Healthcare. Machine Learning. Data Processing. 

 
1. INTRODUCTION 
Healthcare is currently undergoing a phase of drastic change 
where Artificial Intelligence (AI) and healthcare are merging 
together. Diagnosing a high quantity of patients in need of 
time-sensitive medical services is now much faster than it 
was ever possible in the past. Along with this change, 
revolutions in algorithm design in healthcare, and 
standardization of input are drastically decreasing process 
time, data analysis time, and most importantly, the diagnosis 
time. These opportunities are provided by AI, and are not only 
improving quality of healthcare, but they are capable of 
simultaneously reducing costs by nearly sixty percent [2]. 
While these all sound like incredible achievements of the 
technological era, it also poses some questions about how 
we have been approaching these emerging opportunities: 

• Can AI solve real world problems with enough 
accuracy? 

• Are we putting enough resources into improving the 
machine learning (ML) algorithms? 

• Could healthcare solutions be improved by doing 
more than just changing the way we are building 
models? 

With these essential questions at hand, this study set out to 
determine the means of improving data processing for AI, 
what could be done to make the process better, and how it 
has evolved over time. The initial belief was that hardware 
and algorithm design was going to be the key factor in making 
any substantial progress towards data acceleration, the 
research scope changed and the direction of improvement 

became clearer on how we can further standardize the entire 
ML process for the best accuracy. Our research focuses 
heavily on the early shortcomings of AI in the realm of 
healthcare, but with emerging technological breakthroughs, 
and a recognition of the weaknesses most AI healthcare 
solutions suffer from, the approach to improvement points 
directly to the data at hand. 

2. BACKGROUND 
Within AI, processing data more effectively is the key 
ingredient to determining the costs and speed of any ML 
algorithm's diagnosis [11]. When it comes to data processing, 
a few things have to happen within an artificially intelligent 
software, and they typically occur in two distinct phases. The 
offline training phase, which occurs before a ML system is 
released, and utilizes n-fold cross-validation to gauge pre-
conditioned data and the accuracy of each of its automated 
assumptions on the data provided [16]. After the offline 
training phase has created a trained system with accurate 
results on each of the provided scenarios, the online training 
phase is activated and new conditions are fed into the ML 
models with the goal of creating accurate representation of 
the intended system, with more realistic variables like 
treatment value, budgets, side effects, and biological profiles 
of patients emphasized for a treatment's success. 
    When it comes to the speed of data processing, one of the 
most valuable components to a ML model is not actually the 
algorithm at hand, but the data being provided to it [16]. 
Although healthcare data quantitatively can be extremely 
valuable, the lack of labeled datasets and the inclusion of 
medical bias remains. When an AI system utilizes biased and 



 

non-randomized data, it typically creates trends and 
assumptions from data that has the highest frequency rather 
than what is truly representative of a non-included data set. 
Although it is a common occurrence in AI, it requires 
expensive adjustments like increasing data size, validating 
using cross-modality, and including comorbidity in AI designs 
to remove the bias, only one of many concerns in an AI 
system [20]. Along with those issues, we still have a lot of 
complications with data heterogeneity, time dependency, 
sparsity, and irregularity, which leads to an increasingly 
difficult challenge of identifying accurate medical scenarios 
and applying them to models that could generate a 
reasonably accurate diagnoses [10]. Altogether, the 
application of AI in healthcare has the potential to improve 
the way we diagnose ailments and treatment plans, but the 
industry may need some drastic standardization for it to start 
moving towards being the next major breakthrough in 
medical sciences. 

3. CURRENT APPLICATIONS OF AI IN HEALTHCARE 
This section will examine the current applications of AI in 
healthcare in order to determine how improvements in the 
field have been made over time, and where breakthroughs 
have really impacted healthcare the most. Primarily, we 
provide insight on the use cases available to the industry to 
give a general direction for how these accelerations in data 
processing began. 

3.1 Oncology with AI-based Diagnosis 
Oncology, the study of Cancer, is mostly one of the largest in 
demand subjects with how many different types of cancer 
exist, the extensive testing for each patient, and the massive 
amount of data available to many different scenarios. 
Additionally, with the large variation in cancer treatments, it 
is interesting to note the results of how AI could actually 
improve the treatment plans for patients with cancer. At the 
earliest stages, a lot of the manual tasks surrounding cancer 
treatment will be automated away, such as identification of 
at-risk organs, developing treatment plans, and validating the 
delivery and risks included in treatment plans. Furthermore, 
the automation plan for AI reduces time required by actual 
oncologists to create and analyze all relevant information to 
generate these plans. Fully automating away Oncologists is 
a far away in the development of the field, but some of the 
early discoveries in AI research in Oncology could easily be 
used to expedite progress in nearly every field of healthcare. 
For example, when it comes to testing different types of drugs 
and efficiencies over time, there is an extremely valuable 
component of AI in oncology that benefits from AI, and that's 
in identifying drug sensitivity profiles and mutations that 
typically lead to a therapeutic plan. For lung cancer patients, 
most epidermal growth factor receptor (EGFR) mutation 
testing requires DNA sequencing, an extremely time-
consuming process that has an extremely large quantity of 
data produced as a result, all manually assessed for 
mutations [4]. With the assistance provided by the Real Time 
Oncology CalculatorTM, a ML calculator designed for 
mutation calculations, a large amount of the process can be 
automated as over one hundred of the most frequent EGFR 
mutations are easily classified and used to generate a 
therapeutic decision [21]. With the use of DNA sequencing 
and large data set analysis, data processing is accelerated 
by magnitudes that were unreachable by human efforts 

because of the sheer quantity of a molecular profile a single 
tumor can hold in raw data. 
    Starting with image recognition models, the detection of 
lung cancer in radiographs have started to display the power 
behind AI, especially in the accuracy of identification and 
localization of cancer in images that the human eye tends to 
miss. For many radiologists studying lung cancer modules in 
images, having tested both with and without AI, they had a 
much higher frequency of overcalling ambiguous images as 
malignant. This led to misdiagnosis of benign findings, 
typically costing the patient more for additional unnecessary 
CT scans, and the hospital in both resources and time [23]. 
Although possible with additional testing, the radiologists are 
still able to determine the benign nature of the nodules with 
extraneous CT's, but if they were able to utilize AI to identify 
benign nodules initially, it would be easier to validate than to 
identify entirely on their own. 
    In the figure below, a study of neural networks applied to 
the detection of malignant nodules on chest radiographs had 
changed their approach to determine sensitivity and false 
positives found by readers and AI versus detecting locations 
of benign and non-benign nodules [19]. With a deep 
convolutional neural network (DCNN), and eighteen 
radiologists for comparison, the team of researchers had 
evaluated frontal chest radiographs with zero to three pre-
identified malignant nodules on the lungs. When using the 
DCNN they had found an increase of identification of 
malignant nodules by about 5%, and reduced total false 
positives by 6%. 

 
In addition to the accuracy boost from utilizing ML in image 
recognition, we also see a large proportion of improvements 
in gynecology oncology. As cervical cancer image 
enhancement improves, the visual assessment of cytology, 
uterine cancer through radiologic imaging, and early-stage 
ovarian cancer can be better detected which improves 
surgical outcomes and treatment response times [13]. With 
the rapid adoption of AI, there are a large number of 
improvements in the field of oncology that are already being 
made, but one of the largest issues that will present itself with 
full-integration in modern healthcare, will be around the 
challenges directly related to data. Of the vast studies about 
ML in the realm of oncology, many of them have been based 
on a small set of data that was heavily optimized for the 
training, which would imply that the results of said studies 
could be under representative of what will occur once full 

Figure I. Shows that the improvements in detection is primarily 
due to recognition of the nodules on radiographs [19]. 



 

adoption into healthcare could look like. Data dependency is 
a massive component in the success of the healthcare 
industry. While the studies show the results of a good 
application of ML, the challenges that could fall onto the 
hospitals implementing them would be based around 
consistency of data reported to the system, transparency of 
the data provided, quality of the data collected from the 
patient, and the interpretation of human element between the 
patient and the AI [13].  

3.2 Rheumatology & Implementation of AI 
One of the additional interesting areas that AI has become 
really beneficial to is that of Rheumatology, more commonly 
known as the medical field for joint and bone health. While it 
would seem to be a less extreme scenario compared to that 
of Oncology, rheumatology typically requires extremely 
targeted treatments based on clinical manifestation, the 
vastly different symptoms each patient experiences, the 
severity of joint pains, previous treatment history, and a few 
other factors [8]. With a medical model focused around 
rheumatology, a clinical decision support system would offer 
an electronic aid in indicating risk progression over time, 
specific gender or biological based progression traits, protein 
types building in between joints, or erosions in image 
recognition [6]. In many situations, doctors have to organize 
and collect massive amounts of data for these diagnoses in 
rheumatology in order to find an appropriate route for 
treatment, so migrating to an automated system that could 
collect and organize data is quickly becoming the next route 
for technological advancement in the field. 
    When it comes to macro level control of patient health, 
there are so many indispensable tools available with AI 
because it has the potential to organize current and previous 
health status, imaging information, laboratory results, and in 
managing this for the doctors, it provides a route towards 
increased accuracy and quality of care. One of the early ML 
breakthroughs in rheumatology began in RNA sequencing 
and determination of disease subtypes. As seen in Figure II, 
the application of ML can be trained and validated based on 
existing candidate features, followed by comparison to 
current clinical subtypes for validation. The value in splicing 
and reading RNA sequencing for these ML processes offers 
a massive amount of time saving, but also an increase in 
accuracy when predicting gene expression subtypes. 

 
Figure II. This shows the typical approach for training a 
model to predict gene expression subtypes in rheumatology 
[15]. 

Where the true breakthrough in Rheumatology actually exists 
though, is in the advancement of wearable technologies. In a 
study on over two hundred thousand hours of physical activity 

assessments, a ML model was able to detect and identify 
rheumatoid flares at a mean accuracy of ninety six percent, 
with great precision and minimal patient burden [5]. Due to 
the nature of rheumatology data being so highly available, 
due in part to the wearable technologies already on the 
market, physical activity and flare detection can have 
extremely high accuracy when machine learning is applied 
against the massive data sets. One of the most essential 
components within the study of flare detection was actually 
the time-consuming step of preparing and accurately 
classifying data that would be used for training the ML 
models, and it is especially essential with how distinct each 
patient can really be. In order to optimize the training set and 
the data utilized for validation on this process, the study was 
done with a model trained exclusively for determining flares 
with an extremely formatted set of data after over nine 
hundred weeks of offline training, and four hundred weeks of 
online training, on a set of data that was not mutually 
exclusive [5]. While this may seem like a small component 
based on the model being trained on data that isn't being 
used by the hundreds of thousands of hours of data being fed 
in by the active data collection phase, it provided an accurate 
representation of what a flare could be, how to indicate its 
existence, and shows that an accurate model can be made, 
when the data provided shows an accurate representation of 
the scenario, we want to provide treatments for. 

4. OPTIMIZATIONS IN HEALTHCARE DATA 
After analyzing the applications of AI in healthcare, it can be 
deduced that some of the current studies have made efforts 
to improve the ML models in addressing the shortcomings 
and inaccuracies of AI, but it is important to also consider that 
there may be a few optimizations that can only be made once 
data becomes more homogenized. In this segment, we 
discuss these optimizations being made in the healthcare 
industry.  

4.1  Healthcare Natural Language API 
In many medical scenarios, a human medical professional 
can be extremely limited in the scope of what they are 
capable of treating, not only because of restrictions on what 
they know about an individual's medical background, but also 
because of the time that it takes each day to interact with so 
many different patients. With natural language processing, 
we can reduce a lot of the typical mental strain for medical 
healthcare, which does not necessarily reduce the amount of 
information provided to a physician, but it speeds up human 
based data processing after information is optimized for 
human learning. From patient to patient, a lot of information 
can get lost or overlooked, which is a lot of the reason for why 
each interaction with a patient comes with a chart, a 
description of their medical background, and the issues that 
they are treating. With the assistance of Google's Deepmind 
team making groundbreaking approaches to the 
homogenization of data, Google's Healthcare API takes a 
look at the medical documentation related to the specific 
individual being treated, and provides a response of clinically 
important attributes of an individual based on a model 
optimized over thousands of tagged and optimized medical 
documents.  
    As the trends of artificially intelligent healthcare tools 
continue to scale upwards, it becomes clearer that the role of 
medical professionals will still remain extremely valuable, 
and the addition of the natural language API helps fully utilize 



 

all components of healthcare. Humans and ML algorithms 
are extremely different, but when it comes to extremely dense 
sets of data, AI can enhance services by optimizing the data 
crunching, and leaving space for the medical professional to 
manage and validate the different approaches the system 
can provide for them [3]. Included in the services provided by 
the natural language API would be that it enables medical 
documents to be more easily digestible and readable, 
because with some development, a natural language AI 
based on a unified medical term database as well as previous 
medical data can provide easily readable documentation 
based on real time text, pre-existing data, or just summarizing 
outdated or older medical documents to reduce a physician's 
time required to understand a patient's full medical history [9].  

4.2 Bayesian optimizations 
One of the most popular hyperparameter optimization in ML 
was the implementation of Bayesian optimizations, and in 
medical AI, its biggest achievement is providing models with 
some contextual understanding of each approximation during 
their training phase. During a training phase, a lot of the 
optimization that happens is from building a model that has 
its knowledge accumulated by the provided training data, or 
learned data, but Bayesian hyperparameters offer a change 
that may help advance more medical scenarios. Bayesian 
optimization typically involves cross validation and searches 
for the best model representation out of hundreds of 
alternatives, and this algorithm can be provided with some 
contextual understanding of good and bad medical decisions, 
so that each optimized model can be as accurate as possible 
[22].  In radiology, Bayesian optimizations can be made to 
remove irregularities, flag anomalies related to diagnoses, 
and even setup the parameters for prescriptions and plans, 
so that a lot of the error-prone phases of treatment planning 
can be removed from the physicians and clinicians 
procedures [7]. While Bayesian optimization can offer big 
improvements in small scale medical solutions, it begins to 
suffer once a model starts interacting with non-standardized 
data from multiple sources, especially after the training was 
done on a more localized dataset. 
    One of the more unfortunate results of using Bayesian 
optimization methods, actually comes with the limitations that 
most of the medical ML algorithms suffer from, and that is in 
the quality of data being fed into the system. With the best-
case scenario in Bayesian optimization, the hyperparameters 
can match extremely close to the real clinical environment, 
and the output would be an extremely accurate set of best 
possible models. Some of the largest limitations of the 
models were that the data was preprocessed in a way that 
was inconsistent with the training data provided to the model. 
Due to the potential of key variables being neglected or 
untracked on differing medical software solutions, Bayesian 
optimizations tend to have difficulties in approaching the data 
related problems. 

4.3 Data pre-processing 
When it comes to the pre-processing of data, it becomes less 
of a struggle to collect data, but more about how well formed 
the data is, in terms of being able to provide an accurate 
representation of the scenario, while forming the entire 
database to be consistent with standardized formats. 
Throughout many studies in the application of AI against 
human and algorithmic performance, a large risk that 
remains present in these studies would be that the models 

have limited to no clinical context, including the patient's 
medical history or prior laboratory findings, which can be 
critical in finding the proper treatment plans [18]. When it 
comes to the processing of data, there are a lot of times in 
which the systems connecting and supplying each other 
information automatically, are distributed through multiple 
heterogeneous and semantically incompatible systems, 
which leads to interoperability problems and inconsistencies 
[17]. When subsystems of a medical center are inconsistent 
with each other, and the data transferred between systems 
gets processed at each stage, there is increased potential for 
data loss and context misinterpretation. As a potential option 
for solving the underperformance provided by data 
processing when it has a lot of inconsistencies and missing 
pieces, it becomes a bit easier to create an alternative 
component that makes standardization an achievable task. 
With a solution based around dual model approaches to AI, 
we can adjust how pre-processed data can actually be 
received, and instead of simply cross referencing data points, 
one of the models can be completely based on clinical 
context and information interchange, where the primary 
model can focus on designing a treatment plan entirely on 
the mutual understanding of each data structure in the 
provided archetype model [12]. By providing a solution with a 
domain semantic model and a current data model, we are 
able to imitate the knowledge base and contextual approach 
of an expert in the field, altering the way AI can truly begin to 
understand healthcare scenarios. 

5. ALTERING STANDARDS FOR ARTIFICIALLY 
INTELLIGENT HEALTHCARE SYSTEMS 
As discussed, the standardization of data would open an 
entire new world of opportunities for ML, and more so, for the 
healthcare system of the future. At its earliest levels, Google 
has started to isolate and translate medical text from speech, 
with its Natural Language API, while listening directly to the 
conversations provided between a doctor and a patient. 
While this ability to translate and identify medical terms and 
turn them into more easily understandable dictionaries for AI 
is incredibly innovative, it doesn't remove the other errors in 
data, such as bias that exists within their judgments, 
locational differences in treatment options, cost of treatments 
available, and the major biological differences between the 
patients being recorded. Data improvements have the 
capability of completely changing the way diagnoses can be 
approached, and as shown in Figure III, there are a few 
precautions we need to take in order to improve our data 
processing. 

Improving data standards means we will need to increase the 
amount of data coming in, but it also means the quality and 
transparency of the data needs to represent a better 
snapshot of real-life scenarios, while simultaneously 
maintaining the security and privacy of the patients we are 
focusing these efforts towards.  
    Within the literature that was reviewed, our findings have 
shown that a lot of the AI solutions are capable of achieving 
high accuracy results, even when not being compared to 
trained humans, but the scenarios in which they succeed rely 
on studies, and not unprocessed or unmanaged data. For 
Gossec [5], Bennett [3], and Nour [14], the accuracy was 
ninety-five to ninety-nine percent accurate, because the sets 
of data they used in their training samples, were also a part 
of the running study, whereas more realistic results in data 



 

such as Sim [19] and Yoo [23], are found on systems with 
external training, and external data formatting, which could 
have led to the decrease in their accuracy of ML systems. As 
seen in the Figure IV below, the accuracy of each of these 
humans versus AI tests, typically have high results when the 
sample has standardized data in which it has been trained 
on. 
  

 
Figure III. Model representing patient and data relationship 
for improving models, while balancing impact on patient 
security [17] 
    With a continuation of these trends as found in this 
research, AI systems that make improvements to data 
standardization, would increase the accuracy of diagnoses 
drastically enough to make ML an extremely valuable tool in 
healthcare. Within Yoo's study, the application of AI was 
limited because the specific cohort of participants for the 
study included a really small number of lung cancer positive 
patients, and the actual clinical prevalence of positive 
encounters for national lung screening trials would be 
extremely rare. This means that a large proportion of the 
training data was unable to provide resources for positive 
cancer signs, and led to discrepancies in the actual 
assessment of nodules. 
    Additionally, Sim had issues of standardization because 
the study took place over three different continents, because 
of this, the phenotypes of nodules and patients were vastly 
different from each other, and from previous studies made in 
a single institution [19]. When addressing a smaller problem 
set, with low variability in cases, Nour's study on positive 
covid reporting shows that highly pre-processed data with 
rich filter families, abstraction, and specific weight sharing 
features for its neural network provide an extremely accurate 
set of results, averaging almost ninety nine percent over a 
course of three thousand test cases. When it comes to the 
data in each of the studies we had surveyed, it became more 
apparent that the issues that they were encountering were 
largely due to the lack of uniform or standardized data, and 
ended up underrepresenting the scenarios that AI was being 
applied to. 

 
Figure IV. Summarized study of accuracy in AI vs Human 
studies, with shortcomings due to data standardization 
issues [19, 23]. 

6. CONCLUSIONS 
In general, ML solutions offer an insight into the future of 
healthcare as a whole, and the future is going to look a lot 
more efficient as the world shifts towards a more data-centric 
model. The industry has a large level of diversity by both 
fields and primary problem sets, but amongst them all, a 
common issue that seems to be prevalent amongst them all 
is that data is plentiful, and in even greater demand, but that 
also comes with the downside of it being inaccurate, biased, 
or non-standardized. From a high level, we can begin 
prioritizing the things that are going to be picked up by the AI 
models, such as costs of treatment methods, previous 
medical history, the acknowledgement of irregularities, and 
most importantly, the effectiveness of the treatment to the 
specific scenario. As the ML field evolves and models 
become more consistent with ML outputs, tools like Google's 
natural language API and Bayesian optimizations will provide 
circular improvement as to what an AI will receive as "well-
formed" data sets. While many of these standards of data will 
improve, it raises a few questions as to how we should move 
forward in this industry: 
• Will the data provided by ML algorithms, approved by 

doctors, and then fed into other ML algorithms become so 
efficient as to eventually remove the flaws in labeling and 
bias? 

• Can we produce a standard for ML data or would each field 
require extensive adaptations to make alterations worth 
the costs? 

Within our survey, it is clear that these questions won't be so 
easy to answer; however, they do create an interesting goal 
for the future of medical AI. As studies turn into products, and 
the many research initiatives switch over to full standards 
organizations, it will be more likely that the whole of 
healthcare will adopt each individual system to its specific 
needs, but without the standards being similar if not identical 
throughout medical data, it will become increasingly difficult 
to change the future of these life-saving technologies.  
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