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Intro: 
With so much responsibility on their shoulders, it is important to use technology in a way that 

best supports medical staff and helps them to perform their job with the most convenience possible. A 
current problem in the healthcare industry is that medical providers complain about not understanding 
how to properly use the apps provided to them for recording medical information. A recent study done 
by Ekaterina V. Bologvaa et al. did an evaluation on the most common mistakes that physicians make 
when filling out electronic medical records. They concluded the following problems to be the most 
likely.  

1) Mistakes in drug prescriptions: (a) typos and (b) brand drug name was written before international 

nonproprietary name (in 212361 [57%] of 369417 total prescript drugs and in 31598 [12%] prescription 
cases of 

261815, respectively). 

2) No blood pressure data (3283 [11%] records). 

3) No body mass index (BMI) data (26130 [81%] records). 

4) Diagnosis was not properly structured: it was difficult to retrieve information about the underlying 
disease, 

concomitant disease and complications (20902 [65%] records) 

5) We assume erroneous situation if (a) attached laboratory results of lipids profile were above 
threshold levels; (b) 

physician prescripted statins and (c) term “dyslipidemia” was not in the field ‘diagnosis’. (In 163 [0.5%] 

records) 

6) Multiple recording methods of the same information. For example, frequent use of both “-” and “not 

complicated” in the field ‘concomitant diseases’ (in 16500 [51%] and 3887 [12%]) records respectively).  

 

These types of errors could all be potentially reduced with a more competent user interface, but a 
proposed solution that goes a little further than this is the use of a clinical decision support system 
(CDSS). This utilizes something called machine learning to make informed decisions based on the users 
input and have real time analyses and problem solving on the backend to help eliminate some of the 



common errors that physicians make when using electronic medical records. This system is not designed 
to change the way that a physician inputs data, but to correct these errors automatically without more 
interaction from the user.  

 

Machine Learning (ML): 
 Machine learning is a rising field in the computer science world, where algorithms for decision 
making are not predetermined by the programmer, but rather created dynamically by the computer 
based on training input. In this way, a person doesn’t need to program in a series of scenarios and tell 
the computer how to handle the scenarios, rather it gives the computer a series of scenarios and an 
artificial neural network to analyze the information in order to make it’s own decision on what 
conclusions to draw from the given information. It is dynamically learning and changing it’s algorithm 
with each new set of information, so that new situations are automatically taught to the machine and a 
programmer doesn’t have to pre-think each possible sequence of events. 

 

 [1] 

CDSS 
There are two different types of CDSSs that exist. There is knowledge-based and non-knowledge 

based. In a knowledge based CDSS, the system is given a set of rules, rather “if-then” statements that 
the CDSS directly applies to the input to obtain an output. This is how a system is implemented without 
the use of ML, because the program is given a set of outcomes for all possible input conditions. The non-
knowledge based system utilizes ML as described above. This is the type of CDSS that this paper mainly 
focuses on. The  

Functions of CDSS 
 Some uses of CDSSs to help improve patient safety include the ability to cross check a drug 
prescription and warn against non-compatible drug prescriptions that could result in poor drug-drug 
interactions, drug administration and dosage control, reminders for vital checks, glucose monitoring, 
drug administration etc. All of these functions help to improve patient safety because they double check 
the decisions of a doctor for specific dangers that drug administration and lack of monitoring specific 
vitals could cause to a patient. This is a “support system” as it is not meant to replace the doctor, but to 
assist the doctor. Having automated reminders and calculative properties reduces the risk of human 
error in delivering drugs and care to a patient.  



 Other benefits of the CDSS is the increase in clinical standards adherence. When there are 
reminders to do something or it’s required to check off a box to say that a task has been performed, it 
makes the clinicians feel more responsible for fulfilling that task. This can increase the standard of care 
by not allowing plausible deniability of “not knowing, or remembering” to do a specific task, perform 
certain tests or measurements, contact patients, or file the correct paperwork after a visit.  

 There is potential for financial benefit as well when looking at a reduced amount of duplicate 
tests, decreased time of patient visits, and suggestions for cheaper drug alternatives. I will say, these 
only become benefits when programmed with these goals in mind, but the CDSS does present this as a 
possible benefit.  

 Lastly, there lies the possibility of diagnostic support. This is a severely underdeveloped 
functionality of the system due to the complexity of the task, but it has been studied and has the 
potential to help a clinician make a diagnosis by either narrowing down the list of possibilities, or even 
potentially making the diagnosis itself based on an advanced ML algorithm. This field of science has a 
long way to go in development before it can be trusted or implemented, but ML is thought to possess 
this capability given the right conditions and a good neural network paired with ideal training data [2]. 

Existing ML-CDSS  
 There was a study conducted on existing ML based CDSS and what they are used for. The 
following table summarizes the findings of current uses of ML-CDSS based on this article. These are just 
current implementations, but there are so many more possibilities for implementation of a ML-CDSS in 
the medical industry, these are just the current usages in industry [3].  

Use of ML-CDSS Number of CDSS found Percentage out of all identified 
CDSSs 

Prediction or early detection of 
sepsis in ICU 

18 30% 

Diagnosis of infection 20 33% 
Prediction of treatment success 10 17% 
Choice of antimicrobials 5 8% 
 

Effectiveness of Current State-of-the-Art Algorithms 
 Just focusing on the 30% of studied ML-CDSSs, there was a study done by 

J.S. Calvert, D.A. Price, U.K. Chettipally, C.W. Barton, M.D. Feldman, J.L. Hoffman, et al.  

that evaluated a current state of the art ML-CDSS used for sepsis detection based on mortality rates. The 
clinical trial assigned 67 patients to be monitored by the ML algorithm and 75 patients to a control 
group. All patients were being monitored for sepsis. They recorded a 58% decrease in mortality rate in 
the patients that were monitored via the ML-algorithm as compared to the current method of 
monitoring. This is just one instance that shows the implementation of these systems can be beneficial 
and effective to point at which it can considered to be saving lives [4].  

 In another article by by Elizabeth V. Murphy MD, MPH drawing upon recent studies performed 
by Demakis JG et al, and Feldstein A, et al, studied the percentage of preventative services with the use 



of computer generated reminders vs. the same reminders with a required response in comparison to 
the baseline. This showed showed significant data to support the statement that there was an increase 
in preventative measures of the following types using computer generated reminders as opposed to not 
and even higher percentage using required responses [4].  

Preventative Measure With CDSS intervention (% 
increase from baseline) 

Without CDSS intervention and 
Required Response (% increase 
from baseline) 

Fecal Occult Blood Testing 49 61 
Mammograms 47 54 
foot, eye and proteinuria exams 6-10 6-10 
pneumococcal vaccination 35.8 .8 
prophylactic Heparin 18.9 32 
prophylactic aspirin prescription 27.6 36.4 
 osteoporosis diagnostic testing 5.9 51.5 
Influenza vaccine  1 51.4 
 

This shows that in every type of preventative measure that was tested, more were taken when there 
was CDSS intervention than when there was not CDSS usage. There’s also an extra amount of 
information here that shows having a required response to the CDSS leads to an even higher number of 
preventative measures being taken.  

 

These two studies both do a good job of highlighting the benefits and effectiveness of using a ML-CDSS 
as a tool to aid physicians. They both show how it can significantly impact patient care. So these help 
paint a clear picture of what a system like this is capable doing. Studies like these should be made a lot 
bigger deal of. When there is something out there that has the potential to save lives like this, it should 
be blowing up in the medical industry. In order to try to understand the drawbacks, and why it is not 
currently being exploited to a high degree, the next section will explore the reasons as to why it hasn’t 
been fully adopted as a medical standard.  

Current Problems Users of CDSS’s Experience-  
Data Acquisition 
One of the current bottlenecks in the development and implementation of CDSSs in the medical industry 
is that in order to train a machine learning algorithm efficiently, there needs to be precise, accurate and 
full data to use as input for the training of the ML algorithm. The problem lies in the current standard of 
documentation in the healthcare industry, there is not a well-implemented system of documentation 
and so there is often missing and inconsistent data which causes the trained model to be under-trained 
and inaccurate or not precise.  

Technology Integration 
Another existing problem is that the way in which data is recorded in a hospital is meant for 

other uses besides ML and CDSSs so there is a lack of integration between the data and the system. 
There either needs to be a way developed to transform the existing data into a format that is usable 



downstream, or to change the current documentation format to be compatible with downstream usage 
in a CDSS.  

Clinician Interaction 
Any time a new technology is implemented, there becomes a need for user training. Though the 

system is designed to be as user friendly as possible, there is always a need for training to make sure 
that the system is used as it was intended to be used.  

There also may be unnecessary alarms in a poorly implemented system that can sometimes lead 
to alarm fatigue and burnout for the physicians. The combination of a new system, training, and burnout 
can lead to resistance and misuse from physicians that makes implementing the new system either not 
worth the fight, or ineffective due to misuse [6].  

Ideas for Interface Improvement 
 I think that some of these problems as far as clinician interaction could be solved by improving 
the human user interface. The earlier sections in the paper indicate that this might be something worth 
investing in, and a simple change in interface might not be that complicated. The image below shows 
what a current interface looks like [7].  

 

It is clear that this is a bit crowded and not very user friendly which could cause resistance to 
using by clinicians who may prefer the “old school” way. My suggestion would be to make this more 



modulated, less buttons on a page. Several drop down menus are hard to look at, if there was just a few 
buttons that brought the user to another page with more spread out buttons with clearly labeled 
purposes, it could be less intimidating. The folder system could be more clearly labeled and eliminate 
the use of abbreviations which would make it more user friendly as well. The other thing that could be 
done to eliminate the alarm fatigue is to label the severity of alarms and maybe only have noises or 
alarming colors, etc when it’s a life threatening alarm, and otherwise have a gentler reminder. All of 
these measures could be taken to increase the quality of interaction between clinicians and the support 
systems and potentially increase the effectiveness of the CDSS.  

Conclusion 
The use of CDSSs in the healthcare industry presents the possibility of a major advance in 

patient care. There are many advantages to using the system as described in the paper, but the biggest 
pitfall with the use of the CDSS besides potentially poor training and implementation, happens to be the 
human machine interaction. The line between support system and main system needs to be clearly 
drawn and obeyed. The clinician is there to provide care to the patient and the CDSS is there to provide 
support to the clinician. By altering the system to reduce certain errors that come from the HCI, the 
usability of this tool could be greatly increased. By reducing alarm fatigue, having useful reminders that 
could reduce the stress of remembering and calculating on physicians, and providing some 
accountability for certain, seemingly unimportant tasks could increase the amount of preventative 
measures taken for patients.  Decreasing the workload and stress of the clinician by helping to organize 
data and suggest treatment plans is another major potential benefit. These could even financially 
benefit patients by suggesting cheaper drug options. I think that if the user interface seems helpful and 
not intimidating to clinicians and the data starts to be made more compatible with the system, the 
usage of the CDSS may be less resisted and more optimal for better healthcare.  

 

 

 

 

 

 

 

 

 

 

 

 



References 
 

[1] A. Pant, “Workflow of a machine learning project,” Medium, 23-Jan-2019. [Online]. 
Available: https://towardsdatascience.com/workflow-of-a-machine-learning-project-
ec1dba419b94. [Accessed: 01-Mar-2022]  

[2] R. T. Sutton, D. Pincock, D. C. Baumgart, D. C. Sadowski, R. N. Fedorak, and K. I. Kroeker, 
“An overview of clinical decision support systems: Benefits, risks, and strategies for 
Success,” Nature News, 06-Feb-2020. [Online]. Available: 
https://www.nature.com/articles/s41746-020-0221-y. [Accessed: 01-Mar-2022]  

[3] N. Peiffer-Smadja, T. M. Rawson, R. Ahmad, A. Buchard, P. Georgiou, F.-X. Lescure, G. 
Birgand, and A. H. Holmes, “Machine Learning for Clinical Decision Support in Infectious 
Diseases: A narrative review of current applications,” Clinical Microbiology and Infection, 
17-Sep-2019. [Online]. Available: 
https://www.sciencedirect.com/science/article/pii/S1198743X1930494X#bib38. 
[Accessed: 01-Mar-2022]  

[4] Calvert JS;Price DA;Chettipally UK;Barton CW;Feldman MD;Hoffman JL;Jay M;Das R; “A 
computational approach to early sepsis detection,” Computers in biology and medicine. 
[Online]. Available: https://pubmed.ncbi.nlm.nih.gov/27208704/. [Accessed: 01-Mar-
2022]  

[5] E. V. Murphy, “Clinical decision support: Effectiveness in improving quality processes and 
clinical outcomes and factors that may influence success,” The Yale journal of biology and 
medicine, 06-Jun-2014. [Online]. Available: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4031792/#R12. [Accessed: 01-Mar-2022]  

[6]  J. Kent, “How machine learning is transforming clinical decision support tools,” 
HealthITAnalytics, 26-Mar-2020. [Online]. Available: 
https://healthitanalytics.com/features/how-machine-learning-is-transforming-clinical-
decision-support-tools. [Accessed: 01-Mar-2022]  

[7] “Clinical decision-support systems - springerlink.” [Online]. Available: 
https://link.springer.com/chapter/10.1007%2F978-1-4471-4474-8_22. [Accessed: 01-Mar-
2022]  

 

 

 

 



 

 

 


