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A Digital Clinical Decision Support System (CDSS) tool to predict liberation/weaning from invasive mechanical ventilation in patients admitted to intensive care units. 

INTRODUCTION: 
Institution of Invasive Mechanical Ventilation (IMV) or artificial breathing machine is a lifesaving complex process which is done by expert and skilled physicians either within or outside the hospital settings. IMV is required in individuals who acutely lose the ability to breathe normally or find normal breathing extremely difficult. The process of artificial breathing involves placing a plastic endotracheal tube (ETT) within patient’s trachea and the ETT is then securely attached to a ventilator through an intermediate flexible tubing system (Figure 1). Placement of ETT inside a patient’s trachea to support breathing are done either electively or during an emergency. 

Elective placement of ETT is mainly done by physicians specializing in anesthesia and in patients who are undergoing scheduled and planned surgery. This is usually done in a controlled environment and most of the time patients are liberated from IMV if there were no complications during the surgical procedure. In comparison, emergency placement of ETT is done in patients who have presented to the hospital in extremis due to either one or more than one systemic organ failure. Some of the examples of disease presentation who may require emergency placement of ETT are lung/respiratory failure due to community acquired pneumonia, sepsis or septic shock, myocardial infarction or a heart attack leading to cardiac failure, road traffic accident leading to brain injury etc. After the emergency placement of ETT, patients are admitted to Intensive care unit (ICU) to buy time for diagnosis and allowing the damaged organs to heal from initial catastrophic insult. 

Process of placing an ETT to patients, either done electively or in emergency, is quite complex and requires many years of initial training as well continued maintenance of skills by undergoing established annual competency framework set up by the royal college. There are also many complications associated with IMV like ventilator associated pneumonia (VAP), ventilator induced lung injury (VILI), ventilator induced diaphragm dysfunction (VIDD) or Ventilator associated tracheitis (VAT), critical illness myopathy, increase mortality and morbidity. Physicians, respiratory therapists, or nurses looking after invasively mechanically ventilated patients in ICUs do daily evaluation to assess whether patients are ready to be liberated from mechanical ventilation or not. This is important to balance benefit of artificial mechanical ventilation in giving time for organs to heal versus harm from various ventilator associated complications. Mechanical ventilation can cause significant harm if continued unnecessarily and that’s why liberating the patient from ventilator at the earliest possible time is very important. 
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Figure 1: Diagram showing location of endotracheal tube (ETT) inside trachea and attachment to a ventilator through a flexible tubing system.

Weaning from artificial ventilation: 
Weaning or liberation refers to the process of discontinuing mechanical ventilation. To start a weaning process, original pathology which initiated the mechanical ventilation should have been reversed, patient must be awake and alert with adequate respiratory drive and able to protect the airway without the ETT. It is a complicated and dynamic process, and it involves liberation of patient from both ventilator as well as ETT. Siner and Manthous wrote an article explaining that weaning from ventilator is more of an art than science (Siner, J.M and Manthous, C.A, 2007). There are many variables, both patient and non-patient related, that are needed to be considered before weaning is even attempted. Weaning variables are classified into three distinct groups namely, patient related, disease related, and ventilator related. Some of the variables are listed In Table 1. 

	
	Patient related
	Disease related
	Ventilator related

	Name of different variables
	1. Age 
2. Nutritional status 
3. Prior Cardiac and respiratory medical history
4. Drug and medication history. 
5. Endotracheal tube cuff leak test.
6. Sedation level or RASS score to ascertain neurological status.
7. Glasgow coma score
8. Cough strength 
	1. Number of organ failures at the time of admission. 
2. Resolution of primary and secondary organ failure.
3. Prognosis of primary organ failure. 
4. Treatment of Primary illness.

	1. Respiratory rate
2. Tidal volume 
3. Negative inspiratory force 
4. Fraction of inspired oxygen from ventilator. 
5. Respiratory drive
6. Result of Spontaneous Breathing trial (SBT).
7. Peripheral saturation and systemic oxygen level.


Table 1: Some of the patient, disease and ventilatory variables that needs to be considered by physicians prior to weaning attempt. 

Boles et al described six stages (Figure 2) of weaning in mechanically ventilated patient (Boles et al, 2007). These six stages are as follows: 
1. Treatment of Acute respiratory failure (ARF) – Initiate treatment for patients admitted with primary or secondary respiratory failure.

2. Suspicion – Daily checking of patient, disease and ventilatory variables to ascertain possibility of weaning. 

3. Assessment of readiness to wean – Measurement of Glasgow Coma Score (GCS) and Richmond agitation-sedation scale (RASS) to ascertain neurological status, airway parameters like ETT cuff leak test, cough strength, quantity of secretions etc. Weaning from both ETT as well as ventilator is required for the weaning process to classify as a success. 

4. Spontaneous breathing trial (SBT) – Assessment of specific patient related variables whilst patient is disconnected from ventilator for thirty minutes to two hours. Measured variables include patient respiratory rate, blood pressure, heart rate, peripheral and arterial oxygen saturation, and use of accessory breathing muscle. SBT is a key step to ascertain weaning success. 

5. Extubation – This step involves removal of ETT from patient airway. 

6. Re-intubation – If on removal of ETT patient begins to struggle with spontaneous breathing and unable to maintain enough levels of systemic oxygen levels then physician will reintroduce ETT and the event is classified as extubation failure. Internationally, published study shows rate of extubation failure is 10-15%. Complications associated with extubation failure is significant and every extubation failure increases patient mortality by 5-6%. So, for any physician’s decision of ventilator liberation is very challenging as both prolonged and unnecessary continued ventilation as well as extubation failure are associated with significant complications and harm. Beduneau et al published an epidemiological study which depicted significant patient related morbidity associated with extubation failure. Patients who had extubation failure spent more days in ICU, had longer total hospital stay, increased need of tracheostomy and increased risk of VAP (Beduneau et al, 2017).
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Figure 2: Schematic representation of Six stages of Weaning in mechanically ventilated patients. (Boles et al, 2007).

Currently, physician decision to liberate a patient from mechanical ventilation involves cognitive analysis and interpretation of hundreds of multiple patient and non-patient variables in a time critical fashion. Not only every patient in front of a physician is different with varying variables, evidence-based knowledge related to weaning and its application also varies hugely among physicians. This variation in knowledge may correlate with high incidence of weaning failure rate in some ICU. To improve upon the decision, a tool which automatically captures all the values of variables over a period or allows individual to physically enter patient data to get desired prediction will be massively helpful and may have the potential to even better the decisions made by physicians alone.

Explicit and codified knowledge based digital decision tool or clinical artificial intelligence (AI) will be hugely beneficial as compared to decision making using physician cognition only. Digital Clinical decision support system (CDSS) tool will create a seamless and easy to follow simple processes where important clinical variable will be pulled on to this prediction tool to give a final binary response (Figure3). Tools will be backed by easy to understand codified and latest evidence-based computable explicit knowledge. CDSS will operationalize the weaning process in a linear and meaningful fashion rather than steps being done haphazardly. Aim will be to harvest, represent and apply human and behavioral knowledge to support problem solving (Medlock, S. et al, 2016). Clinical AI CDSS tool will show alerts and will come up with either binary or more descriptive suggestions based on the inputted variables. 
Evaluation of Ventilator related variables 
Enter – Result of Spontaneous Breathing trial etc. 




Acceptable, go to next step.

Not acceptable: Stop.


Evaluation of airway status 
Enter – Airway trauma, ETT cuff leak result, 



Acceptable, go to next step.
Not acceptable: Stop.



Evaluation of neurological status 
Enter – RASS score, GCS score, Medications side effect.
 


Acceptable, go to next step.

Not acceptable: Stop.


Evaluation of patient related variables 
Enter – Age, duration of mechanical ventilation, Previous cardio-respiratory illness, Respiratory rate, heart rate, oxygen levels.



Acceptable, go to next step.

Not acceptable: Stop.


Final clinical decision on Weaning: Yes or No


Figure 3: Linear pathway which could be codified in a CDSS tool to help with weaning decision making.







EVIDENCE REVIEWS:
A pub-med search was made using following texts: “Clinical Decision Support System for Ventilator Weaning” and “Clinical Decision Support System for ventilator Weaning readiness”. No filters on publication timeline, article type, article language and type of text availability were added. Thirty-two and Nine results came up respectively. Nine out of thirty-two and two out of nine were taken for detailed review as they were directly related to the CDSS tool and liberation from mechanical ventilation. 
“Clinical Decision Support System for Ventilator Weaning readiness”
“Clinical Decision Support System for Ventilator Weaning”




    9 studies
    32 studies 


23 studies were non-relevant. 
7 studies were non-relevant. 


9 studies were relevant. 
2 studies were relevant. 



Figure 4: Flow-diagram: Result of PubMed search detailing total number of articles reviewed. 


Nine studies were critically evaluated as per the search question - “Clinical Decision Support System for Ventilator Weaning”. 

Randomised Control Study (Hsu et al, 2013):

A randomised control study to investigate prediction effectiveness of CDSS in ventilator weaning undertaken by Hsu et al (Hsu et al, 2013). CDSS was compared with control group. Control group had weaning decision determined by physicians, in comparison to CDSS group where weaning was achieved with CDSS tool and monitored by physicians. Successful weaning by using CDSS and physicians was 65.3% as compared to 52.1% when weaning decision were made by physicians alone. There was also an absolute decrease of total duration of mechanical ventilation days by 5.2 days on using CDSS guidance and significant cost savings.
There were multiple concerns with study. Firstly, this study showed benefit of CDSS in improving success of ventilator weaning by 13.1%, but control arm had very low success of only 52.1% which is almost like flipping a coin. This concerns my judgement and knowledge base of physicians undertaking decision. Published data in year 2107 showed weaning success rate of around 80% (Béduneau, G. et al. 2017). Poor success rate in this study could be due to either lack of clinical knowledge or experience among physicians. Secondly, average days on ventilator were 43.69 days in the control arm which is significantly high. Thirdly, variables chosen to formulate CDSS prediction model were a mixture of demographic, physiological, care and treatment factors with some variables having continuous values and some discrete. It is hard to ascertain how combing different and disparate physiological and laboratory variables will help in predicting ventilator weaning. No variables were chosen to ascertain ETT cuff leak or evaluation of neurological status. Positives in the study were large number of participants and statistically significant improvement in weaning after introduction of CDSS tool. I am unsure if the same tool will be reproducible in any other centre. 

Novel Fuzzy logic tool to assist in Weaning from Mechanical Ventilation (Kilic, Y.A. and Kilic, I. 2010).

Kilic and Kilic published their work in 2010 where they used a fuzzy logic inference tool to arrive on probability of weaning success. The fuzzy logic decision tool was compared with other weaning tools like Rapid shallow breathing index (RSBI), pressure time index and Jabour’ weaning index. The fuzzy logic discriminative power was 0.9288 vs 0.6556 with RSBI. Fuzzy logic used nine different variables under four different categories to arrive at weaning prediction probability. These variables were physiological, and ventilator-based variables. They were easy to collect at the bedside and easy to capture from electronic health record (EHR). In comparison, RSBI used only two variables of ventilator tidal volume and respiratory frequency. 
Main concern with Fuzzy logic CDSS tool is, it didn’t consider variables related to patients’ neurological status, tests to check ETT cuff leak and patient demographics. So, despite good discriminative power to predict weaning, it doesn’t tell us about other important weaning factors that are equally important for successful weaning from mechanical ventilation. The discriminative power difference is so wide, probably it compared apples with oranges (nine versus two variables). The mathematical formula and statistics used were quite complicated and may be difficult to understand for a regular physician. This may impact on successful adaptation as impression will be of a black box CDSS tool. 

Artificial Intelligence (AI) to predict optimal timing of ventilatory weaning (Liu CF et al,2022)

Liu CF published a brilliant analysis on how to predict optimal timing of both weaning readiness as well as successful extubation. They used retrospective single centre ICU data from more than 5800 patients and divided the datasets into 70% training and 30% testing data to prepare the predictive model. A complex and multiple machine learning algorithms were used in two stages. Two-stage model was then prospectively used to predict optimal timing of weaning from mechanical ventilation. Area under curve (AUC) for models range from 0.843 to 0.944. 
Model predictability weaning timing is quite good and it should be used in many centres prospectively to test for its external validity. It will also reduce inter-physician variability. Model did not include ETT cuff leak criterion which is important and one of the most common factors for extubation failure as absence of cuff leak may lead to post extubation stridor. Model used many newer machine learning algorithms which are robust and adaptable for any new future knowledge. Study showed reduction in ICU days by only 21 hours which clearly showcases that control arm was also good and was providing weaning results as per current international standards. 





Intensive Care Weaning using an open-loop decision support system (Vizcaychipi et al, 2020):

Vizcaychipi et al published a weaning study protocol whereby ventilator weaning advice was given to care providers through an open loop system using patient physiological and clinical parameters on a live basis. This study protocol is quite ambitious and involves significant technology innovation at the bedside for invasively ventilated patients. The trial is currently enrolling many patients across many hospitals. Two major drawbacks or concerns from the study protocol is cost-effectiveness as compared to cognitive decision made by a consultant and secondly, risk to jobs if automation is found to be superior to human knowledge. 

Machine learning Decision making tool to predict extubation in ICU patients (Fabregat A et al, 2021).

Fabregat A et al published a large prospective study using dataset combining longitudinal clinical information system data, demographic variables, co-morbidity and ventilatory parameters. All data were combined to predict accuracy of successful extubation using a complex machine learning (ML) algorithm. Predictive accuracy of such algorithm for extubation success when used prospectively were accurate in 92% -94.6% of cases. ML algorithm proved to be better than spontaneous breathing trial. Main caveats are difficult to understand complex ML algorithms for physicians who might think the concept as black box and lack of adaptability due to complex ML algorithms (Haibe-Kains, B. et al. 2020). Huge benefit is possibility of completely reducing the incidence of weaning failure. 

Clinical decision tool aimed at improving extubation decision making in the ICU: an observational study (Sarti AJ, et al 2021)

Sarti AJ, et al published an observational feasibility study which combined many weaning parameters on to a web platform to advice on extubation readiness. It considered many novel parameters like respiratory rate variability, RSBI, clinical impression of extubation failure risk and extubation readiness checklist to predict and advice on extubation readiness. 
Major concern is use of novel parameters in coming to conclusion for weaning which have never been used before clinically by physicians. It will be advisable to first use variables on wider prospective datasets to conclusively prove the extent of prediction usefulness. Not a very effective study. 

Respiratory pattern variability (RPV) is also described in literature as one of the indicators to assess extubation readiness (Casaseca-de-la-Higuera P, Martín-Fernández M, Alberola-López C, 2007). RPV is tested using multichannel, non-stationary short records of the breathing pattern using complex AI and ML algorithms (Casaseca-de-la-Higuera P, 2009) and it was found to be successful in predicting extubation readiness in 87.27% of patients. 

Closed-loop computer driven protocol to wean children from mechanical ventilation: a pilot study (Jouvet et al, 2007).

Jouvet et al published a pilot study where they could wean children aged from 1-17 years faster with a closed computer driven decision loop as compared to clinical decision alone. Main drawback was a small study looking into feasibility of a new decision process. It should be first tested into many centres prospectively. 

Two studies are critically evaluated as per the search question - “Clinical Decision Support System for Ventilator Weaning Readiness”. 

A randomized clinical trial comparing weaning from ventilator using either Smart Care or respiratory physiotherapy driven manual weaning for critically ill adult patients (Taniguchi, C. et al, 2015).

Seventy patients randomised to two arms – weaning using SmartCare technology versus weaning by respiratory physiotherapists. Small study with no statistical difference between two arms in either duration of mechanical ventilation or extubation failure. Result gave benefit or signal of benefit towards weaning using respiratory therapists. This study looked only weaning of pressure support automatically. Also, not adequately powered to give meaningful separation of SmartCare technology and it targeted only one variable in a complex maze of variables that are needed to ascertain weaning readiness. 

A computer system to determine ventilatory weaning process.

Multiple weaning related variables were combined in a computer model to predict optimal time for weaning. Computer program package was called Weaning MV. The program was designed using four classification methods namely stepwise discriminant analysis, stepwise logistic regression, intuitionistic fuzzy Voronoi diagrams and non-pulmonary weaning index. This program was tested on 151 patients and the result of “weaning” versus “no weaning” had high sensitivity (0.99) and specificity (0.89). This computer program again considered only some part of weaning process and did not consider neurological status, ETT cuff leak test etc. Other problem is difficult to understand the classification systems which were used to prepare the model (Hadjitodorov S, Todorova L, 2010). 

To summarize, the concept of weaning or liberation from mechanical ventilation are being clinically studied over the last 30-50 years. Initially, some researchers focused only on some part of the weaning process like spontaneous breathing trial (SBT) or single patient and ventilatory variables like rapid shallow breathing index (RSBI) or pressure-time index which had no impact on successful prediction of weaning. Parallel to the clinical trial, there was also development and advancement of healthcare informatician and knowledge scientist who started to retrospectively analyze big data sets and came out with many combinations of variables to improve upon the weaning prediction. Recently, a multicentric study was published across many continents to identify the problem of weaning failure (Béduneau, G. et al. 2017) and techniques used to arrive at a ventilatory weaning decision. Study showed very high extubation failure rate and complications associated with weaning failure. This mostly led to realisation that weaning prediction is a long process involving many steps in a linear fashion like assessment of SBT, choice of SBT, neurological status, ETT cuff leak test, Non-invasive support requirement post extubation, and realisation of facts that weaning success depends upon combination of all above factors. Once the weaning process was ironed out, investigators tried to evaluate weaning prediction by combining many patients and ventilatory variables which might help in better prediction of weaning success. Later, investigators and clinical researchers in collaboration with knowledge scientist tried to code new explicit knowledge into a software program using high end ML and clinical AI tools. As per recent published prediction tool, we have now reached to the point that there is significant knowledge from randomised control studies on which parameters are useful to take decision. Simultaneously, physicians are more comfortable and using clinical AI tools to predict weaning decision, as the explicit knowledge that are used within these tools are backed by robust clinical evidence data. In the era of precision medicine, physicians should work in collaboration with big data analytics and knowledge scientist to explore further patient and non-patient variables which may help in improving the weaning success prediction rate further. 
















IMPLEMENTATION ISSUES:
Implementation of ventilatory weaning CDSS digital tool is key for realizing both short term and long-term benefits. Most critical and useful factor is to implement CDSS tool using GUIDES checklist (Medlock, S. 2018). Following are the categories where focus need to happen prior to implementing the change:

1. Technology and digital related issues.
2. User related Issues. 
3. CDSS implementation and Overall process (Liberation from mechanical ventilation) related Issues.

Technology and digital solution related constraints and risk:

A. Interoperability and standards: It is important that all clinical variables unit or values that are needed for prediction around ventilatory weaning should be similar across different electronic health platform. Dissimilar variable units might be problematic and may hinder successful adaptation of a tool widely. Seamless interoperability will help pull out the data automatically and correctly from systems across any EHR platform.

B. User interface and system usability: It is important that digital CDSS tool is easy to use with excellent user interface, easy to enter data variables, alert system which are simple to understand, users’ interaction with a system which is asking meaningful and logical questions. CDSS tool is well delivered and in a format which is easy to understand, easy to use, available in a right format and at right time.

C. Funding and institutional support: It is important that hospital managers understand the need to fund such kind of digital solution which may have significant effect in reducing weaning failure rate and early discharge of patients from ICU. 

D. Employment of local knowledge and technology engineers: Knowledge engineers are trained in coding explicit computable knowledge and they play a key role as it will not only help in expediting faster development of many clinical decision tool but also important role in disseminating education among wide variety of users and troubleshooting during any technology glitches. Education from them can iron out complex black box statistical inferences that goes into building such decision tool.

E. Digital literacy: Digital literacy is key to successful adaptation of any digital decision support tool. Historically, some of the surveys and studies have shown that even best solution to a problem will fail if an individual is not trained enough to use those digital solutions. Aim should be to attain highest HIMSS level among all users. 

F. Deployment of application (Clinical Decision Support System): Deployment of CDSS solutions could be difficult if there is no HER used by the front-line clinical staff. Ideal solution will be deployment of CDSS on a mobile based format either in a local hospital cloud server or private server like Microsoft azure. 

G. Transparency and reproducibility of CDSS tool using AI: Haibe-Kains, B. et al, have reported the concern in the article related to medical imaging. Successful adaptation depends upon scientifically clarify the algorithms that are predicting the decision as failure to do so will result in lack of trust and non-adaptation. 

H. Peer-reviewed CDSS Model: CDSS model should be published in a peer reviewed journal and model used on large patients prospectively (Kelly CJ,2019). Performance is best tested on real world data rather than that encountered in algorithm. Models should be published as per Transparent Reporting of a multivariable prediction model for Individual prognosis or Diagnosis (TRIPOD-ML) guidance. 

I. Model bias and brittleness: Brittleness and generalization of a model is a common phenomenon. Clinician should understand all the biases and make judgement after understanding all the limitations (Kelly, C.J. et al. (2019).



User related risks and constraints:  

A. User engagement, explainabilty and acceptance: User engagement is key and one of the most important steps that defines success of any new digital solution to an already established process. The best way is to allow users to play with the CDSS platform well in advance to not only increase engagement but also use the opportunity to get feedback. Use the feedback to improve the CDSS tool in an agile fashion. 

B. User communication: Communicate with users in an explicit fashion about various benefits it may bring to the care process. Discuss and present results from previously published randomized clinical trial or a metanalysis to improve knowledge base on how a generic CDSS could improve patient outcome. Also, explain to users about statistical models and machine learning algorithms. Studies have shown black-box AI algorithms usually backfire if users don’t understand how the conclusion was reached. So, it is important to convey knowledge base behind the development of tool. 

C. CDSS governance: Governance is key, and it is important to have a team of clinician, technology engineer and hospital manager managing the project from the start to the end. Sometimes CDSS may fail and the rationale of governance team will be to learn from even failures.  

D. Strategic and stepwise CDSS implementation: Target some super user who score highly on HIMSS scale as these users can initially feedback on any lacunae within the system. Once all the glitches and user feedback are amalgamated then it can roll out to wider audience. 

E. Trustworthy evidence-based information and adaptability: Most important for wider acceptance and adaptability. It is very important to appraise users on published literature and evidence behind it. Every physician wants to practice medicine based on recent and evidence-based medicine. If that is explained prior to rollout of any new product then adaptability increases. Evidence based medicine along with mind-lines on generic clinical decision support system can be helpful to disseminate the knowledge among wider workforces. 

F. AI chasm versus clinical efficacy: Physicians should try to understand how CDSS can improve within mechanical ventilation weaning workflow. Physicians should clearly understand that AUC doesn’t correlate directly with clinical efficacy. Despite many CDSS reporting AUC of 0.950, it doesn’t mean that it is the best metric to represent clinical applicability. Physicians should always analyze bias in any model and should not make all the decisions blindly. All the clinical decisions should be made with best judgement and responsibility.


CDSS Implementation and Overall Process: 

A. Objective: It is very important to acknowledge and explicitly define problem statement from the very start and how a CDSS tool can help in solving the greater problem. An example of a problem statement could be like this - “Aim is to reduce incidence of extubation failure in intensive care unit”. Once problem statement is defined, it is very important to collect some initial data either through audit or surveys with the aim of identifying key problem area. Next step is defining or mapping the problem area, objectives, possible solutions and whether it could be rectified through introduction of decision support tool. 



B. Rich picture of problem statement (Figure 5): 

Rich picture of problem statement helps in better realization of overall extent of problem that is needed to be solved. It also helps in better communication to wider team on the extent of problem, areas of problem and division of labor to help with solving problem. 
Ventilator values

Medical history 
Physiological parameters
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Figure 5: Rich picture showing how a physician is bombarded with so much data from different directions to arrive at weaning decision. 














EVALUATION: 

Evaluation of CDSS objectively is quite challenging. A mixture of direct patient related clinical observations (pre and post adaptation of CDSS), remotely monitoring users and how they interact with CDSS, delphi method to ask questionnaires from expert users and assessing user experience through a survey. 

A. Efficiency: 

Efficiency is one of the important evaluation parameters and it will be assessed objectively using following metrics. As primary aim of CDSS is to improve successful weaning from invasive mechanical ventilation hence most of the measured parameters will be patient related. 

1. Incidence of Extubation or weaning failure after introduction of CDSS tool.
2. Duration of Invasive mechanical ventilation in patients using CDSS tool for extubation. 
3. Incidence of Re-intubation and reasons for re-intubation. 
4. Comparison of mechanical ventilation free days pre and post CDSS. 
5. Incidence of ICU morbidity 
6. Incidence of ICU mortality
7. Duration of Hospital stay.
8. Incidence of rate of ventilator induced infections – Ventilator associated pneumonia/ Ventilator associated tracheitis. 
9. Cost saving from reduction of ICU ventilated days and hospital saving from reduction in cost of hospital bed days. 
10. Incidence of blood stream infection from invasive lines and urinary catheters.
11. Antibiotic usage difference between patients who are liberated from ventilator using CDSS tool. 
12. Rate of patient discharge from ICU 
13. Rate of timely bed availability and admission of new patient. 

B. User Experience: 

Another major factor which not only impacts upon outcome but also has a direct impact upon wider usage and acceptability of a new CDSS tool. User experience can be ascertained through surveys either paper-based or through usage of electronic platform like monkey survey or Microsoft 365 forms. Questions will be around-i) ease of usage of CDSS in making decisions as compared to previous use of cognitive knowledge ii) Time it takes to reach weaning decision. iii) Comments on overall process from weaning initiation to liberation from mechanical ventilation. iv) How it could be further improved or made better.v) Free text platform for any other advice/suggestions. 
Also, some direct negative leading questions should be asked like: 
· Does the CDSS tool should be withdrawn because of impending patient safety issue 
· staff feeling on the introduction process.
User experience is key and will help in exponential adaptation to a wider physician audience.

C. Effectiveness: 

In generic terminology, effectiveness is measurement of a degree to which an intervention is leading or helping to reach a desired result. Failure to successfully liberate from mechanical ventilation is a huge burden and causes significant patient morbidity as well as mortality. Effectiveness of a new CDSS tool can be measured if it not only addresses the weaning issue but also reduces the problem using easily available and standard objective indices. 

D. Safety:

Safety could be divided into patient and user safety. Patient and user safety is major priority and all the new intervention should be safe otherwise it will be disbanded even if it brings any improvement. An independent safety liaison officer should evaluate the tool independently using objective metrics. This step should be done in prior in the form of a trial run on multiple occasions till it is conclusively ruled out that there are no inherent patient and user safety risk.  

CONCLUSIONS: 

Liberation from mechanical ventilation is a very complicated and difficult decision to take for any physician and it gets more challenging in complicated patients with many cardio-respiratory comorbidities. The decision gets more and more challenging as the duration of ICU stay increases. 
Using an evidence based and explicit knowledge coded solutions in the form of a clinical AI weaning tool is the future. Hospital managers should support it, physicians should adapt it in day-to-day clinical practice after detailed analysis of knowledge codes and biases and knowledge engineers/data scientist should work in close collaboration with physicians to make codes adaptable to future new knowledge. Finally, aim should be to keep patient in the center with physicians making judgement after embracing new knowledge and technology which expedites health of all our patients wherever they are. 
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