
March-April 2019 
ISSN: 0193-4120 Page No. 132 -140  

 

Published by: The Mattingley Publishing Co., Inc.             132 

Prescriptions and Trustworthyness of Intelligent 

Devices in the Excretory System 

 
Viresh Sharma1 

1Department of Mathematics, N.A.S (PG) College, Meerut, India, 
 

 
Article Info 

Page Number: 132 - 140 

Publication Issue: 

March-April 2019 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Article History 

Article Received: 05 October 2018 

Revised: 08 December 2018 

Accepted: 18 February 2019 

Publication: 30 April 2019 

Abstract 

Because of AI, users can manage their own health and wellbeing. Artificial 

intelligence (AI) also improves medical staff's ability to recognize patients' 

recurring patterns and needs, leading to more effective feedback, guidance, and 

support for health maintenance. As a result of reading this paper, you should 

have a firm grasp on how the reliability model for AI techniques applied to the 

medical field's excretory problem operates. The reliability model provides 

information on the effectiveness of a given AI technique in treating a given 

excretory disease, and thus all of these factors are crucial. 
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INTRODUCTION  

By establishinga setting where the impact of 

unit not available can be computed, A. Unione et al. 

(1980) stressed on the necessity of availability 

modeling methodology to MSF desalination plant 

reliability problems. An ad hoc taxonomy of 

Influencing Factors for surgery was created by R. 

Onofrio et al. (2015) and is intended to be the first 

step in the implementation of IF-based HRA in the 

healthcare industry.Using field return data, M. Altun 

& S. V. Comert (2016) suggested a reliable 

reliability prediction model for high-volume complex 

electronic goods over the course of their guarantee 

durations. F. Basile et al. (2017) gathered, analyzed, 

and summarized the information that was accessible 

in studies on the diagnostic accuracy of osteopathic 

testing. The question of whether the 3Shape cardinal 

classical structure may well be used in the area of 

dentistry concerned with the prevention and 

correction of irregularities of the teeth investigative 

examination with accuracy, particularly underneath 

various herding conditions, was clarified by Y. Liang 

et al. in 2018.Since they were recognized as 

neglected tropical illnesses in 2010, C. Mubanga et 

al. (2019) have highlighted the growth of quick 

assays for the diagnosis of FNZH.S.  

COMPUTER EDUCATION'S EXCRETORY 

SYSTEM EVOLUTION 

The majority of the dietary nitrogen (N) that 

dairy cows consume is in the form of protein, and 

these cows excrete a sizeable portion of this nitrogen 

into the environment in the form of urine. This leads 

to the acidification of soil, the reduction of 

biodiversity, and the eutrophication of terrestrial 

ecosystems. In addition to being linked to 

environmental pollution, N-related contaminants such 

as ammonia are associated with a variety of lung 

conditions, including persistent inflammation of the 

mucous membrane in the airways and bronchial tubes 

of the lungs, as well as early human history. Over 

seventy-five percent of the ammonia that enters the 

atmosphere comes from agricultural practices 

involving animals in Europe. Because protein 

supplements are the most expensive part of dairy 

cows' diets, the loss of nitrogen through excretion 

results in a financial loss. As a consequence of this, 

minimizing the release of fertilizer nitrogen (MN) 

from milk production methods is receiving more 

attention due to the challenges posed by the economy 

and the environment. The dairy farming industry 

needs to be able to accurately predict and control the 

amount of manure nitrogen (MN) excreted into the 

environment in order to strengthen its commercial 

standing and reduce the negative impact it has on the 

environment. MLR analysis is one of the most 

frequently used methodologies for castoff modelling. 

It is used to estimate the amount of MN flux resulting 

from animal production. To date, quite a few different 

statistical models have been developed in order to 

forecast the amount of MN excreted by dairy cows.  

The majority of these models are based on 

linear regression and MLR. According to the findings 

of these studies, equations that included dietary 

factors such as nitrogen intake (NI), dietary forage 

proportion (FP), and dietary nitrogen content (DNC), 

in addition to animal parameters such as live weight 

(LW), milk yield (MY), and days in milk, had a 

higher level of accuracy in their ability to predict 

MN. MLR analysis makes a number of assumptions, 

the most important of which are that the relationship 

between the dependent and independent variables is 

linear, that the errors are statistically independent of 

one another, that the errors are homoscedastic, and 
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that the error distribution is normal. When applying 

the MLR technique, one encounters a challenge in the 

form of a potential obstacle in the form of biassed 

results and an unsatisfactory prediction if the 

presumptions that are being used are not always 

accurate. 

Despite the fact that the datasets are noisy 

and uncertain, machine learning methods such as 

artificial neural networks (ANN), random forest 

regression (RFR), and support vector regression 

(SVR) are good examples of techniques that can be 

used to analyze the complex correlations between 

resource inputs and outputs in the production of 

cattle. Other examples of machine learning 

techniques include support vector regression (SVR) 

and support vector networks (SNN). The application 

of machine learning is extremely widespread. In 

addition to the findings that consuming cranberry 

juice can reduce the risk of developing bladder 

cancer, it has also been discovered that consuming a 

diet that is abundant in fruits and vegetables can also 

be protective against the disease. It was discovered 

that the ANN model performed better than the MLR 

model did when it came to analyzing the relationships 

between the variables, and that the ANN model 

performed better when it came to predicting the 

nutrient concentration in cow manure than the MLR 

model did.  

They did not perform any better as a result of 

the pattern of fermentation that occurs in the rumen or 

the milk fatty acids that are found in dairy products. 

When it came to predicting individual survival rates 

for second lactation in Holstein cows, the RFR model 

performed significantly better than the MLR model. 

When it comes to forecasting the carcass weight and 

body weight of broiler chicks, the SVR method 

performs significantly better than neural network 

models both in terms of accuracy and generalization. 

On the basis of these findings, it is possible that it 

would be more prudent to forecast MN in cattle 

production using reliable models as opposed to MLR. 

Some of the factors that contribute to this condition 

include low body weight, low productivity, high feed 

consumption, high concentrations of nitrogen and 

fibre in the diet, and various other animal and 

nutritional parameters. Using machine learning 

techniques, one is able to investigate and investigate 

the intricate relationships that exist between the 

nitrogen excretion rate and various food and animal 

factors, in addition to the mutual effects of these 

components.  

On the other hand, there is no information 

provided on how to implement machine learning 

strategies into the investigation. The purpose of this 

research is to fill in some of the gaps in our 

knowledge regarding the connection between milk 

yield and dietary and animal factors in dairy cattle. In 

order to accomplish this, it assesses the level of 

predictive ability possessed by a number of machine 

learning algorithms using the MLR method in order 

to forecast the disposal of nitrogen fertiliser. 

IS ML QUALIFIED TO REPLACE A 

PHYSICIAN? 

AI techniques are employed to make it easier 

to diagnose various ailments; however they cannot 

take the place of doctors in the healthcare system. 

Just as tractors haven't replaced farmers, neither have 

electric drills replaced carpenters. They use it as a 

tool to increase their productivity. True, fewer 

farmers and carpenters exist now than there did 100 

years ago since output has increased more quickly 

than demand. We are only able to eat so much or 

construct so many homes. 
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In the distant future, there might be fewer 

doctors. However, the need for healthcare will 

continue to rise, therefore I don't anticipate this to 

happen too quickly. Healthcare's share of the overall 

GDP is likely to increase. One of the most significant 

aspects of our life is healthcare, yet we don't always 

provide it at its best. Imagine a world without mental 

illness, cancer, strokes, Alzheimer's, genetic 

disorders, the common cold, the flu, or venereal 

disease. Think about the value that would add to the 

world each year—tens of trillions of dollars. 

Although it won't take the position of doctors, 

technology can make them better. In other words, 

medical advances involving AI do not take the place 

of human doctors. By accepting specific 

responsibilities, individuals merely improve upon 

what they are already capable of making decisions. 

However, no amount of technology can ever really 

replace what it means to be a doctor or the vitally 

important, individually tailored patient-physician 

relationship. 

SUPPORT FOR MAKING DECISIONS USING 

AI IS MONITORED BY HUMANS 

Organizations are increasingly turning to AI 

to boost productivity and efficiency in today's 

competitive labor market and hybrid working 

environment. Through the massive volumes of data 

produced by the many machine learning and data 

science tools, artificial intelligence has personalized 

client experiences. Overall, it has had a significant 

impact on both our personal and professional life. But 

even with all these technological advances, AI still 

requires human intervention. While scientists and 

researchers are developing new techniques for 

automating daily tasks, artificial intelligence (AI) still 

requires human oversight to function well. 

Driverless operations are required by cutting-

edge technologies like flying robots, drones, and self-

driving autos. Enterprise AI, however, depends on 

people for further operational guidance and requires 

outside assistance to accomplish tasks effectively. 

First of all, the notion that AI would employ 

the majority of the workforce has motivated many 

academics and scientists to create such robots that 

will also be operated by people. Process automation 

will eliminate errors from operations, but it will also 

make human labor unnecessary. Additionally, there 

aren't many studies on human-robot collaboration 

models that can deliver correct outcomes with the 

same efficiency as to please clients. 

The best use of AI involves human 

monitoring and enhancement. When that occurs, 

people advance along the skill spectrum and take on 

more difficult tasks as AI continues to develop, learn, 

and restrain its potentially negative consequences. 

Intelligent systems perform better when advanced 

models like conversational AI and cognitive AI are 

used in conjunction with real people who have the 

knowledge, creativity, and empathy. 

The three system qualities of reliability, 

maintainability, and availability (RAM) are very 

important to artificial intelligence (AI) utilized in 

excretory systems. They have an overall impact on a 

system's usability and lifespan. As computer systems 

become more integrated, medical systems must take 

into account both hardware and software. 

Maintenance models may be advantageous, 

but they may have drawbacks. The time needed for 

diagnosis, resource assembly (parts, bodies, tools, and 

mechanics), repair, inspection, and return is included 

in the overall time needed to repair an AI operation. 

Holiday delays might significantly impede the repair 
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procedure. The majority of distributions that are used 

to represent maintainability have a required minimum 

time. This is because the minimum time required for 

these subprocesses to finish is frequently non-zero. 

A threshold parameter is the minimum time 

frame in which it is expected that an AI system will 

be used in the excretory system. Queuing effects, 

which give non-independent repair times, may further 

complicate the evaluation of AI maintainability. This 

dependence makes analytical solutions to issues with 

excretory maintainability impractical because 

simulation is often utilized to support the AI system 

that was deployed. 

 

Reliability 

The probability that an artificial intelligence 

(AI) system will operate as planned under specified 

circumstances in an excretory system for a 

predetermined amount of time is known as reliability. 

Maintainability 

The likelihood that a specific maintenance 

task for AI may be completed within a certain time 

frame when maintenance on the excretory system is 

carried out under specified circumstances with 

specified resources. There are two types of 

maintainability: serviceability (the simplicity with 

which routine inspections and maintenance can be 

carried out) and reparability (the ease of restoring 

service after a failure). 

Availability 

It is described as the likelihood that an 

excretory component or artificial intelligence system 

will be functional at a specific moment under a 

specific set of medical circumstances. Reliability and 

maintainability are necessary for availability. 

Failure 

Any situation in which a system or 

component of an excretory does not work as intended 

constitutes a failure. 

PROBABILITY DISTRIBUTIONS USED IN 

RELIABILITY ANALYSIS 

You can think of reliability as the likelihood 

that an AI will exist in an excretory system up until 

time t. The likelihood that an AI diagnosis will fail 

before or at time t is its complement. If the time until 

an AI diagnostic fails is defined as a random variable 

T, then: 

𝑅𝑒(𝑡) = 𝑃(𝑇 > 𝑡) = 1 − 𝑓(𝑡) 

where f(t) is the likelihood that an AI diagnostic 

would fail and Re(t) is its reliability. The cumulative 

distribution function (CDF) of a mathematical 

probability distribution represents the failure 

likelihood of AI diagnosis. 

RAM CONSIDERATIONS DURING SYSTEMS 

DEVELOPMENT 

When developing an AI diagnostic, RAM is a 

natural excretory system or medical system attribute 

to be taken into account. 

Understanding User Requirements and 

Constraints 

Information on AI detection requirements, 

constraints (such as mass, energy consumption, space 

footprint, and life cycle cost) and requirements that 

match RAM requirements should be extracted to 

understand the requirements for disposal problems. 

Design for Reliability 

System designs can then be developed and 

evaluated based on disposal system design choices 

and the need for artificial intelligence equipment. 
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Reliability engineering is currently focused on 

enhancing AI robustness by utilizing strategies like 

redundancy, diversity, internal testing, enhanced 

diagnostics, and modularity to speed up processing. 

Production for Reliability  

Quality is one of the factors that lead to a 

number of health problems associated with RAM. 

The repeatability and regularity of the disposal 

system is important, as is a comprehensive and clear 

measure for artificial intelligence of the supply chain. 

Other factors are related to storage, transportation and 

design for production. 

MONITORING DURING USE AND 

OPERATION 

After an AI is launched, reliability, 

availability, and other factors are evaluated to 

determine whether the AI has achieved its goals. If 

unexpected failures occur, corrections are made and 

the AI is re-evaluated. 

DATA ISSUES 

There is no evidence that actual RAM models 

are successful for disposal systems. A distribution for 

a model is selected based on data from a particular 

artificial intelligence system, which is used to fit the 

parameters of the distribution. 

DISCIPLINE MANAGEMENT 

In significant programs, RAM specialists 

often report to the healthcare system organization. 

Based on operational needs, lifecycle expenses, and 

warranty cost forecasts, recovery for RAM is decided 

at the project level. These lead to RAM-derived 

excretory system requirements and allocations, which 

the medical system requirements management 

function authorizes and manages.  

The RAM function assesses AI diagnosis 

failures through collaborative meetings like a Failure 

Review Board, and the testing organization 

coordinates RAM testing with other medical system 

testing. Based on an analysis of test results or 

software discrepancy reports, the medical system 

organization, or in some cases the acute patient if cost 

increases are involved, must decide whether to accept 

the RAM function's recommendations for design or 

development process improvements. 

POST-PRODUCTION MANAGEMENT 

SYSTEMS 

Once deployed, it's crucial to keep an eye on 

an excretory system's dependability and availability. 

The producer/owner can analyses the operating 

environment, identify unexpected failure modes, note 

fixes, ensure that the design has achieved its RAM 

objectives, and discover unexpected failure modes by 

doing this. 

FRACAS systems are one type of such 

tracking system (Failure Reporting and Corrective 

Action System). 

INTERACTIONS 

Nearly every component of the development 

of the excretory system interacts with RAM. 

dependencies and interactions in particular include: 

Systems Engineering: As was mentioned in the part 

above, RAM has an effect on the excretory system. 

Product Management (Life Cycle Cost and 

Warranty): RAM supports the excretory system 

lifecycle cost and warranty management 

organizations by assisting in the assessment of repair 

rates, ultrasound, and OPT costs. In order to 

determine the most cost-effective option, RAM may 

work with those organizations to estimate service 
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agreements and conduct tradeoff analyses. 

Quality Assurance: When choosing and evaluating 

materials, components, and subsystems, RAM may 

also work with the procurement and quality assurance 

groups. 

 

DEPENDENCIES 

Systems Safety: Safety of the ram and digestive 

system regarding controlling an excretory system's 

failure behavior, AI has many shared worries (i.e., 

single points of failure and failure propagation). 

Software and Hardware Engineering: Through 

design analyses including failure modes and effects 

assessments, reliability forecasts, thermal analyses, 

reliability measurement, and component specific 

analyses, AI-related software and hardware reliability 

is able to function. 

Testing: The purpose of RAM AI and the AI testing 

program is to create reliable excretory systems, and 

RAM interacts with the AI testing program during 

planning to determine the most effective (or viable) 

test events to undertake. In order to synchronize the 

requirements for reliability or stress tests, RAM 

performs interaction testing, failure/recovery testing, 

and stability testing. 

Logistics: In order for AI logistics to predict the 

amount of labor, spare parts, and specialized 

maintenance equipment needed, RAM works with AI 

logistics to provide expected failure rates and 

downtime constraints. 

MODEL 

Numerous models are available that estimate 

and forecast reliability. For a chronic illness, models 

can be taken into consideration. They can be 

expanded to take into account how illnesses affect the 

longevity of a system. Such extended models can then 

be applied to accelerated life testing (ALT), which 

purposefully and methodically overstresses an 

excretory system in order to speed up the failure of 

AI tools and methodologies. The data is then 

extrapolated to conditions of typical use. 

Degradation models, in which a feature of the 

excretory system is linked to the propensity of the AI 

approaches to fail, are also helpful. We can predict 

when AI approach failures will happen before they 

actually happen when that characteristic deteriorates. 

In the early stages of development, the excretory 

system's AI approaches frequently fall short of their 

RAM requirements. The resources (especially testing 

time) required before an excretory system reaches 

maturity to achieve those goals can be estimated 

using reliability growth models. 

Models of maintainability explain how long it 

takes to repair a damaged excretory system and put it 

back in operation. Typically, they are the result of a 

collection of models that each describe a particular 

aspect of the maintenance process (e.g., diagnosis, 

repair, inspection, reporting, and evacuation). These 

models frequently include threshold values, which are 

the earliest possible periods for an event to occur. 

In an effort to quantify the relationship 

between excretory activity maintenance and the AI 

equipment and procedures available to assist such 

activities, logistic support models seek to define 

patients admitted due to having excretory problems. 

A repairable excretory system's downtime is 

primarily caused by queue delays. The trade space 

between patients admitted for having excretory 

problems and the availability of AI approaches for 

recovery can be explored using a logistical support 
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model. 

These models are all representations of 

reality that are, at best, approximations. They are 

nonetheless extremely beneficial to the extent that 

they offer helpful insights. To estimate a model 

accurately, more data are required the more complex 

the model is. The accuracy of a prediction decreases 

as extrapolation is increased. 

Since high reliability AI equipment often has 

a lengthy lifespan and the amount of time needed to 

notice excretory problems may exceed test 

timeframes, extrapolation is frequently unavoidable. 

Strong assumptions must be made about the future 

(such as the lack of concealed failure modes), and 

these assumptions raise the uncertainty surrounding 

forecasts. Strong model assumptions frequently result 

in unquantified uncertainty, which poses an inherent 

risk to the healthcare system. 

Failure mode effects analysis, reliability 

block diagrams, and fault trees are only a few 

techniques for describing the dependability of a 

medical system. 

A graphical representation of an excretory system's 

failure modes is called a fault tree. It is built utilising 

logical gates, primarily AND, OR, NOT, and K of N 

gates. A partial fault tree concentrates on a particular 

excretory failure mode or modes of concern. Fault 

trees can be entire or partial. They make it possible to 

"dig down" and observe how a system is dependent 

on layered systems and other system components. 

Bell Labs invented fault trees in the 1960s. 

A table that outlines the potential excretory 

failure modes for a medical system, their likelihood, 

and their consequences is known as an excretory 

Failure Mode Effects Analysis. Failure Modes and 

Effects of an excretory analysis rates the 

consequences and likelihood of AI equipment and 

approaches; providing for a ranking of the seriousness 

of excretory failure types. 

Figure 1. Fault Tree. (SEBoK Original) 

A Dependability Block Diagram (RBD) is a 

visual portrayal of how an excretory system's 

procedures affect its AI reliability. It is an acyclic, 

directed graph. A portion of the excretory system's 

components are represented by each passage along 

the graph.  

The system is functional for as long as the 

elements along that path are in working order. In an 

RBD, component lives are typically taken to be 

autonomous. One RBD frequently functions as a 

component in a higher-level model since RBDs are 

frequently nested. These hierarchical models give the 

analyst the right level of detail resolution while still 

allowing for abstraction. 

Fault trees show routes leading to failure, 

while RBDs show routes leading tosuccess.  

 

 

 

 

Figure 2: Simple Reliability Block Diagram 

https://www.sebokwiki.org/wiki/File:Fault_tree.jpg
https://www.sebokwiki.org/wiki/File:Simple_RBD.jpg
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(SEBoK Original) 

A table that identifies potential system failure 

modes, their likelihood, and the failure's impacts is 

known as a study of failure modes and effects. A 

ranking of the severity of failure modes is possible 

with Analysis of Failure Modes, Effects, and 

Criticality, which ranks impacts by dividing the sum 

of the consequence and likelihood by their 

magnitude. 

System models the phrase "garbage in, 

garbage out" (GIGO) is especially relevant when 

discussing system models. 

CONCLUSION 

In the end, we come to the realization that, in 

this day and age, artificial intelligence plays a 

significant role in the field of medicine. However, we 

cannot continue to place unquestioning faith in 

artificial intelligence. Patients who have serious 

medical conditions, such as acute excretory problems, 

do not have enough time to stop one machine, and if 

any piece of equipment stops working, we will 

immediately replace it with another. At the same 

time, hospitals may have a very large target of 

selecting doctors that whom they should do and 

whom they should not do. The selection of physicians 

is based on their previous patient histories.  

The availability of machinery is determined 

based on the history of the hospital's patient care 

records. Everything should be in such a state of 

perfection that any patient, regardless of how 

seriously ill he or she is when they arrive, should be 

able to receive immediate treatment that is completely 

up to date.  

All of this perfection, whether it is related to 

the physician, whether it is related to providing the 

facility, or whether it is related to the equipment, 

depends on the reliability of the system, and the 

reliability depends on the reliability model. Because 

of this, we have described each of the available 

reliability models in this article, along with the types 

of systems that are suitable for utilizing each of the 

available reliability models. This ensures that the 

system functions normally, free from any disruptions 

or problems. 
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