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The worldwide health emergency of antibiotic resistance makes medical treatments less
effective and leads to higher death statistics. The widespread problem of antibiotic resistance
stems from the extreme and improper use of antibiotics in medical practices, livestock
operations, and agricultural farms. Big data analytics integration serves as an innovative method
to predict, monitor, and reduce antibiotic resistance by implementing big data analytics systems.
This research adopts a methodical approach to scrutinize the WHO Global Antimicrobial
Resistance and Use Surveillance System alongside different national healthcare records
available to the public. The assessment of resistance trends region-based predictions and
outbreak forecasts is performed using machine learning algorithms with supporting artificial
intelligence models. The prediction accuracy gets boosted the application of regression analysis,
clustering and neural networks as statistical methods. The evaluation section of the study
demonstrates how big data performs in healthcare facilities to monitor systems and make on-
the-spot decisions. The presented research demonstrates how big data maintains its essential
position for the surveillance and early detection of antibiotic resistance. The predictive models

Nanotechnology Perceptions 16 No. 3 (2020) 361-378


http://www.nano/
http://www.nano-ntp.com/
http://www.nano-ntp.com/
http://www.nano-ntp.com/
mailto:miatofayelgonee@gmail.com
mailto:mohammad.moniruzzaman35@gmail.com
mailto:shafiqswh@gmail.com
mailto:muzahid.wu501@gmail.com
mailto:evhaaccabd@gmail.com
mailto:sazzat786@gmail.com
mailto:kamalacademic88@gmail.com
mailto:asm.saimon@gmail.com
mailto:miatofayelgonee@gmail.com

362 The Role Of Big Data In Combatting ... Mia Md Tofayel Gonee Manik et. al.

reveal important patterns about antibiotic resistance, which helps leaders and healthcare experts
with researchers, to create focused strategies to fight antimicrobial resistance. The current
challenges involving data standardization with privacy issues and real-time data access cannot
hinder big data analytics from achieving substantial effects on fighting antibiotic resistance
worldwide. Sustained development of artificial intelligence surveillance systems alongside
multi-disciplinary relationships creates essential conditions to protect antibiotic effectiveness
in the future.

Keywords: Big Data, Antibiotic Resistance, Predictive Models, Global Surveillance, Machine
Learning, Artificial Intelligence, Antimicrobial Resistance, , Healthcare Analytics, Data-Driven
Decision Making.

Introduction

The global public health faces a serious threat from antimicrobial resistance due to its ability
to make traditional medical treatments useless, produce extended infections, and enhance
disease transmission and death rates. Universally, bacterial AMR caused 1.27 million deaths
around the world and added to 4.95 million deaths in 2019. Australia maintains a lower burden
of AMR as compared to other regions worldwide. During 2015, the European Union and
European Economic Area recorded 671,689 bacterial infections that led to 33,110 individual
fatalities. Every year in the United States, healthcare facilities document more than 2.8 million
cases of bacterial antibiotic resistance. The projected numbers suggest that AMR worsen
substantially given that annual deaths linked to AMR could increase to 1.91 million by 2050
and cause an indirect rise in an additional 8.22 million deaths. The financial outlook regarding
this situation presents dangerous prospects. By 2030, the rise in deaths caused by antibiotic
resistance along with related diseases lead to $1 trillion to $3.4 trillion in GDP losses each
year across the globe. The growing AMR crisis requires multiple strategies to manage its
escalation using antibiotic discovery and proper medication use combined with better infection
prevention and world-class surveillance systems (Song et al., 2019).

Role of big data in healthcare surveillance
Big data transformed healthcare surveillance its capacity to process large health data which
helps medical staff make time-sensitive decisions and monitor diseases more efficiently to
achieve superior public health results (Hernando-Amado et al., 2019). Healthcare surveillance
receives major benefits from big data through the ability to track diseases in real time. Through
data fusion between the Payment Services System and social media platforms and wearable
devices, public health authorities obtain prompt access to disease breakouts (Frieri & Boutin,
2017). Wastewater examination serves as an efficient early detection method for respiratory
viruses, which showed its capability of identifying viral activity before clinical cases increased
(Roca et al.,2015).Predictive analytics enhances the surveillance process data analysis of past
and existing trends, which helps healthcare organizations create better allocation systems and
preventive strategies (Berendonk et al., 2015). The government of Rio de Janeiro uses
predictive models to forecast dengue fever outbreaks, which leads to scrupulous intervention
strategies (Zliobaité and Gama, 2016). Big data optimization enables better choices regarding
treatment procedures and public health strategies, which results in superior healthcare results
for patients. Artificial intelligence integration in healthcare through diagnostics and treatment
planning becomes efficient because of its implementation (Podolsky, 2018).

Al-backed fetal monitoring systems in Malawi cut down neonatal deaths and stillbirths
permanent labor surveillance that requires fast medical action (Vikesland et al., 2017).The
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combination of big data resources leads to cross-reference data points, including genomic data
and environmental and demographic patient data, which creates detailed health trend insights
for personal healthcare (Brayne, 2017).Health technologies featuring artificial intelligence
advances deliver promising answers to modern healthcare problems through better medical
operations and more effective disease spotting mechanisms and preventive strategies
(Boolchandani et al., 2019).

The implementation of big data in healthcare operates with several impediments that need
resolution. Protecting patient confidential data robust security systems becomes essential
because handling big volumes of sensitive health records needs to adhere to protective patient
privacy standards and satisfy regulatory requirements (van Belkum et al., 2019). The growing
implementation of artificial intelligence along with new technological solutions has made chief
privacy officers more essential for handling data privacy management (Sharma et al.,
2018).The reliability of analysis and surveillance output requires standardized data quality
standards among different information systems. Healthcare professionals need to solve data
standardization and management issues to maximize Al's complete potential in healthcare
despite its obvious benefits (Harbarth et al., 2015).Healthcare surveillance receives a cutting-
edge shape big data by providing real-time monitoring capabilities and predictive analytics as
well as processed data-based decision tools. Public health can reach its maximum potential
when we resolve existing issues involving data privacy, security, and standardization (Founou
and Essack, 2016).
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Figure No.01: Global Trends in antibiotic Resistance (2000-2019)

Importance of predictive models

Predictive models serve as fundamental tools in combatting antibiotic resistance development
because they provide speeded-up detection methods alongside resistance pattern monitoring
capabilities with action recommendations for public health response (Kuhn and Johnson,
2013). The ability to analyze enormous amounts of clinical, genomic, epidemiological, and
environmental data remains one of the most important features of predictive models for hotspot
identification (Fisher and Dominici, 2019). These models predict future bacterial resistance
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forms by combining information from hospital files with microbiological monitoring statistics
and DNA analysis results suggesting new treatment approaches (Shah et al., 2014).

The analysis of bacterial genomes through machine learning algorithms serves to foresee
resistance mechanisms, which assists in antibiotic discovery and infection protection creation
(Shmueli and Koppius, 2011). The real-time surveillance of resistance patterns between
different regions is possible through predictive analysis models that provide global surveillance
improvements. Monitoring of resistant bacteria transmission occurs through predictive models
used by WHO and CDC to inform healthcare systems early warning (Barbieri and Berger,
2004). Limiting the use of unnecessary antibiotics becomes possible with predictive analytics
because the technology allows doctors to prescribe antibiotics according to individual patient
needs reducing the development of antibiotic resistance (Steyerberg et al., 2001).The
predictive modeling method has proven itself as a revolutionary system to fight antibiotic
resistance. Medical institutions need to incorporate refined predictive models as part of their
healthcare systems to protect public health from worsening antimicrobial resistance threats
(Tropsha, A., Gramatica and Gombar, 2003).

Research Aim & Objectives

The global health problem of antibiotic resistance becomes more significant every year, but
predictive modeling and big data analytics can establish a vital solution. Scientists pursue the
main purpose of studying big data methods, which improve AMR tracking and forecasting
their analysis. The study implements Al and ML solutions to reinforce worldwide surveillance
and antibiotic stewardship methods, which enhance AMR control efforts. The research
explores three important objectives to meet its main objective.

The research initiates an analysis of big data tracking and predicting antibiotic resistance
examination of epidemiological, genomic, and clinical datasets, which provide information
about regional and universal resistance patterns (Tang et al., 2016). The study works on
predictive models for AMR surveillance through the integration of real-time surveillance data
and patient records and microbiological reports, which allow early detection and risk
assessment of AMR trends (Thai and Bos, 2009. The research develops Al solutions for
antibiotic stewardship, which provide recommendations to enhance antibiotic prescription
protocols as well as hospital sanitation measures and worldwide AMR surveillance approaches
(Van Boeckel et al., 2015). The research seeks to help healthcare policy development through
data-driven approaches by delivering practical findings for medical practitioners, research
groups, and government executives. Al-enabled predictive models show great potential for
enhancing antibiotic-resistant infection management more efficient practices and lowering
antibiotic overuse and enabling better worldwide defense against antibiotic-resistant
pathogens.

Literature Review

Overview of Antibiotic Resistance

Standard antibiotic treatments become ineffective because bacteria develop resistance
mechanisms against antibiotic effects which leads to the emergence of antibiotic
resistance(Skold, 2011).Human medicine and agricultural sectors, along with poor infection-
control practices, inadequate sanitation, and limited global surveillance create the primary
causes of antibiotic resistance (Amabile-Cuevas, 2016).The development of new antibiotics is
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too sluggish to match the speed at which resistance spreads throughout the population. The
widespread antimicrobial resistance phenomenon imposes numerous healthcare complications,
which include elevated mortality statistics with time-extended illnesses, enhanced medical
expenses, and heavier stress on medical systems. AMR poses severe dangers to major medical
procedures that need antibiotic prevention against infections(Liu, 2015).

Table No.01: Case Studies of Antibiotic Resistance Across Different Regions

. Example Response
Region Key Issue Pathogen Impact Measures Reference
Over
. 33,000 Implementatio
Rlsmg . Carbqpenem- deaths n of stricter (Goossens
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settings e (CRE) due to stewardship 2005).
AMR programs
infections
Indian
National
Unregulated Klebsiella High Action Plan
Asia antibiotic pneumoniae hospital (NAP) on (Kimetal.,
sales leading (Carbapenem- mortality | AMR, stricter 2012).
to misuse resistant) rates regulations on
OTC antibiotic
sales
Over 60% | Expansion of
Limited bacterial AMR
healthcare Various isolates surveillance
. . . . (Tadesse et
Africa | infrastructur multidrug- resistant to networks,
. . . al., 2017).
e and poor | resistant bacteria | commonly | public health
surveillance used awareness
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Success in
reducing 0
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. : ospital- :
Americ but Enterobacteriacea . surveillance eetal.,
. acquired .
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South L Escherichia coli e antibiotic
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in livestock . n from . Woodford,
a farmi resistant) . promoters in
arming animals to . 2013).
agriculture
humans
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Role of Big Data in Healthcare

Healthcare professionals now heavily rely on big data systems to monitor antibiotic resistance
and execute its management. The massive health-related data collection process enables
researchers and policymakers to recognize drug resistance trends while forecasting health
setbacks and enhancing treatment approaches (Dash et al., 2019). The World Health
Organization runs the Global Antimicrobial Resistance and Use Surveillance System which it
tracks antimicrobial resistance patterns across the world (Dimitrov, 2016).The Centers for
Disease Control and Prevention produces vital reports on AMR threats when they appear in
hospital facilities as well as in community areas. National health records and hospital databases
supply researchers with crucial information about antibiotic prescriptions as well as patient
treatment histories and laboratory test results for identifying new resistance patterns (Wang et
al., 2018). Genomic databases like NCBI GenBank and PATRIC function as vital sources
because they maintain bacterial genome sequences so researchers can detect which mutations
lead to resistance (Ahmed et al., 2017).

Machine learning and artificial intelligence under predictive analytics have improved the
capability of AMR surveillance in providing effective detection. Using Al-based models
allows the processing of huge information sets to reveal resistance clusters so healthcare
providers can take prompt action (Groves et al., 2013). Predictive analytics supports hospitals
in monitoring patient records for forecasting AMR outbreaks enabling better infection control
practices (Hashem et al., 2016). Machine learning algorithms, healthcare providers obtain the
optimal selection of antibiotics to treat each patient based on their pathogen vulnerabilities and
previous medical records (Luo et al., 2016).

Predictive models within a broad framework enable public health authorities to forecast
how resistant gene spread occurs across populations between regions (Wang et al., 2018).
Strategic partnerships between predictive analytics data modeling and big data analytics have
improved automated AMR reporting as well as designed better antibiotic management
programs. Modern technological advances support healthcare workers to make better medical
decisions using data, which produces enhanced patient outcomes and limits antibiotic
resistance problems (Wang and Croghan, 2019).The persistent battle against AMR requires all
three elements: resistance trend tracking combined with Al predictive modeling and antibiotic
use optimization. Improving healthcare database connectivity and data collection methods
strengthen worldwide surveillance methods and response capabilities (Murdoch and Detsky,
2013).

Al and Machine Learning in AMR Surveillance

Various artificial intelligence models detect antibacterial resistance through unique machine
learning algorithms that increase their prediction quality. Deep ARG represents an instance of
deep learning technology that detects antibiotic resistance genes across metagenomic
sequences enabling researchers to monitor resistance patterns (Nguyen, et al., 2019).The WGS
data processing program Finder remains popular for clinical research and epidemiological
studies when determining antibiotic resistance (Chatt et al., 2019). The implementation of
machine learning algorithms at the Path systems Resource Integration Center scientists can
identify resistance genes while predicting bacterial strain susceptibilities making this platform
important for AMR research (Wang et al., 2017). Al-powered systems like AMR Net use
combined hospital report data, genomic database, and laboratory report information to detect
AMR outbreaks in real time The combination of SVMs and RF classifiers predicts bacterial
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resistance effectively by processing genomic and clinical (Choy et al.,, 2018). The
implementation of Al-driven methods enhances AMR understanding, which leads to better
identification of developing outbreaks with risk evaluation.

Limitations of Current Surveillance Methods

Several obstacles along with promising potential combine to limit the widespread deployment
of Al and ML systems in AMR surveillance. The primary challenge within AMR surveillance
arises because data lacks proper quality standards. The effectiveness of Al predictions becomes
limited when extensive quality datasets are needed to operate properly while reporting
inconsistencies and data collection biases and missing values negatively affect prediction
accuracy (Magana et al., 2017).AMR data exists in separate healthcare system databases the
data lacks proper integration capabilities that would enable real-time analysis (Sonesson and
Bock, 2003).The operational requirements of Al-based modeling systems reach high
computational limits. Deep learning algorithms need major computational power to operate
effectively and this level of hardware may not exist in limited healthcare facilities (Hootman
and Helmick, 2006). The absence of standardized Al frameworks in AMR detection results in
inconsistent outcomes which becomes complex to validate and compare predictive models
(Riley et al., 2016).Al-driven surveillance faces obstacles regarding ethical concerns as well
as privacy issues which emerge due to dealing with significant amounts of sensitive patient
information (Hossain& Bagul, 2015).

Challenges in Implementing Big Data for AMR

Several obstacles affect the usage of big data for antimicrobial resistance surveillance, which
consists of data security and privacy risks alongside health data standardization requirements
and moral dilemmas. The successful implementation of big data analytics for AMR monitoring
and antibiotic stewardship needs all these critical challenges to be properly handled (Koo and
Matthews, 2015).

Data Privacy and Security Concerns

The main problem with big data applications for AMR surveillance consists of maintaining
protected data and secure databases. Healthcare organizations store a significant amount of
protected patient data comprising electronic health records genomic information, and medicine
prescription histories. Healthcare data security risks particularly endanger patient
confidentiality by exposing data to breaches and unauthorized access and misuse, which violate
GDPR and HIPAA regulations, respectively (Chen and Zhao,2012).International cooperation
in AMR surveillance requires close collaboration, which faces barriers from different nations'
data protection regulations, as pointed out in (Martin and Murphy, 2017). Research using big
data methods for AMR made more responsible specific implementations of secure encryption
with blockchain technology and stringent access control systems.

Standardization of Health

Data standardization of health data remains one of the main difficulties in AMR surveillance.
Information about AMR comes from various origins, which include records from hospitals and
data from national health agencies and pharmaceutical companies to genomic research
institutions. Strong data inconsistencies emerge because of differences in data formats with
terminology choices and data collection processes that result in ineffective information
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analysis and aggregation (Timmermans and Epstein, 2010).The discrepancies within global
AMR surveillance appear because clinical microbiology laboratories use different methods to
classify resistant strains while antibiotic resistance genes face reporting inconsistencies. The
World Health Organization with the Centers for Disease Control and Prevention established a
petition to adopt standard AMR reporting frameworks, which include the Global Antimicrobial
Resistance and Use Surveillance System (Weissman et al., 2002).

Ethical Considerations

Several ethical issues arise when utilizing big data for AMR studies because researchers must
respect patient consent, and the models should be free from bias while healthcare resources
need fair distribution. The distribution imbalance of data samples across population subgroups
in predictive models of AMR creates conditions that trigger unequal detection rates along with
biased therapeutic recommendations (Arifin, 2018).The solution to prevent these issues needs
clear model development procedures along with training data that represents all populations
and regular algorithm testing. The approval of algorithms treating patient information requires
resolution of several critical data ownership and patient consent matters. The utility of de-
identified patient data in AMR studies depends on complete research ethics board compliance
and proper ethical oversight to sustain public trust (Rossi et al., 2009).

Big data applications need to focus on global health equity in order to provide AMR
surveillance and intervention benefits to low-resource regions affected most by AMR. The
successful implementation of big data-based AMR surveillance requires authorities to handle
privacy concerns and establish universal standards and ethical handling protocols. The global
healthcare community should use secure data-sharing systems and international
standardization protocols with responsibly designed Al applications to benefit from big data
for improving AMR prediction capabilities, which supports public health strategy development
and advances better antibiotic management programs (Fiske et al., 2019).

Table No0.02: The Challenges in Implementing Big Data for AMR along with possible
solutions.

Challenges

Description

Possible Solutions

Data Privacy and
Security

Sensitive patient data risks
breaches, unauthorized access,
and misuse. Compliance with

GDPR, HIPAA is required.

Implement strong encryption,
blockchain for secure data
sharing, and strict access
controls.

Standardization
of Health Data

Different data formats and
reporting methods create

inconsistencies in AMR tracking.

Adopt standardized
frameworks like WHO
GLASS and develop machine-
readable formats for
interoperability.

Ethical
Considerations

Issues with informed consent, Al
biases, and equitable access to
healthcare resources.

Ensure transparency in Al
models, use diverse datasets,
and follow strict ethical
oversight guidelines.

Methodology
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Data Collection

The surveillance of antimicrobial resistance through big data collection gathers information
from multiple data sources which include global health organizations, clinical records and
genomic databases and hospital reports. The collection of important data about resistance
patterns and pathogen evolution depends on WHO GLASS, CDC databases, electronic health
records and genomic sequencing repositories. The data needs extensive preprocessing before
analysis because it has several issues with missing values and inconsistencies as well as
redundancies. To preserve the accuracy and reliability of data, data scientists need to apply
standard formats to data as well as handle missing values by removing noise and properly
protecting privacy. The management of data through effective methods strengthens predictive
modeling by enabling researchers to monitor resistance patterns and improve antibiotic
programs and create Al-aided solutions against antibiotic resistance.

Predictive Model Development

Using machine learning techniques, predictive modeling monitors large health and genomic
data to discover resistance patterns in advance and project their development. The clustering
method K-Means types bacterial strains according to resistance profile data, thereby detecting
new threats. The neural network processing method enables complex dataset analysis for
identifying hidden resistance mechanism patterns, and Random Forest enhances prediction by
handling large epidemiological and genomic data. Through combined use of these machine
learning techniques, organizations perform real-time surveillance, they optimize antibiotic
prescription strategies, and they improve worldwide antimicrobial resistance combat efforts.

Results & Discussion

Data Analysis & Trends

Antimicrobial resistance analysis evaluates massive health organization data Medical facilities
improve their resistance tracking by linking their databases to genomic collection databases
and hospital data systems. Antibiotic resistance data is shown over bacterial strains by
geographic locations through time points using descriptive statistics. The recent trend data
indicates a sustained rise in antibiotic resistance for E. coli, Klebsiella, Pseudomonas, MRSA
and Acinetobacter bacteria groups showcasing increasing vulnerabilities from antibiotic
resistance. The predictions from machine learning analytical systems enhance the analysis
method to develop future resistance predictions used for creating proactive response strategies.
Medical experts and policymakers gain improved decision-making support through the
combination of line graphs and heatmaps as data visualization components.

Table N0.03: Global Antibiotic Resistance Trends (2015-2019)

% Resistan % Resistance
Year % Resistance (E. coli) OS :s ieasce (K.
(S. aureus) pneumoniae)
| 2015 | 15% | 20w || 12% |
| 2016 I 18% I 23% || 14% |
| 2017 | 22% | 25% || 1% |
| 2018 | 27% | 28% || 21% |
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% Resistance % Resistance
Year % Resistance (E. coli) (K.
(S. aureus) .
pneumoniae)
2019 I 31% | 32% || 5% |
40%
35%
30%
& 25%
=
S 20%
o
9 15%
10%
5%
0%
2015 2016 2017 2018 2019 2020
Year

B % Resistance (E. coli) M % Resistance (S. aureus) % Resistance (K. pneumoniae)

Model Performance

The assessment of antimicrobial resistance surveillance predictive models needs performance
evaluation as a method to obtain accurate and reliable predictions about resistance patterns.
The performance evaluation of K-means clustering, neural networks, and random forest
methods requires accuracy, precision, recall and F1-score measurement systems for evaluation.
The random forest model delivers outstanding results when predicting AMR trends because it
operates successfully with many challenging variable connections. The detection capability of
neural networks reaches optimal levels when analyzing nonlinear data patterns and reveals
extensive information about AMR evolution throughout time. Model prediction accuracy
grows because experts utilize validation techniques comprised of confusion matrix analysis
and cross-validation for error reduction, which results in better generalization outcomes. ROC
curves merged with AUC scores enable researchers to examine how robust the classification
model proves to be. Researchers create dependable detection tools their ongoing model
enhancements, which halt the development of AMR from early detection stages while
supporting healthcare programs and antibiotic management protocols.

Table No.04: Model Accuracy for AMR Prediction

| Model H Accuracy H Precision H Recall H F1-Score |
[Logistic Regression]|  78% || 76% || 74% || 75% |
| RandomForest || 85% | 84% | 83% | 84% |
| Neural Networks || 91% || 89% | 90% || 89.5% |
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LOGISTIC REGRESSION

Accuracy

Case Studies

Different geographical areas succeed to varying extents in their deployment of big data systems
for antimicrobial resistance surveillance. The application of predictive models for AMR
tracking becomes possible because Europe, along with the U.S. has established advanced
healthcare infrastructure combined with digitalized health records and access to extensive
datasets. The European Centre for Disease Prevention and Control executes real-time data
analytics in connection with machine learning for its surveillance programs, which allows
detection of resistance trends early. The adoption of predictive models remains difficult for
developing nations since their healthcare data systems lack infrastructure and they lack
standardized reporting systems along with facing financial limitations. The use of manual
record-keeping in several hospitals located in low-income countries prevents them from
performing efficient large-scale data collection. The prediction of antibiotic-resistant
pathogens becomes inaccurate mainly because not all facilities access genomic sequencing
tools and Al-based tools that support diagnosis.

The European Surveillance of Antimicrobial Consumption (ESAC-Net) — Europe
Overview:

Through the establishment of the European Surveillance of Antimicrobial Consumption
Network the European Centre for Disease Prevention and Control tracks antibiotic utilization
alongside resistance trends across entire European regions. ESAC-Net provides quick
antibiotic usage information gathered from electronic health records and prescription databases
supported by hospital reports.

Key Findings:

The extensive use of antibiotics in Southern European medical settings created the rise in drug-
resistant patterns. The predictions made using machine learning models allowed policy
creators to change antibiotic prescribing protocols based on their analysis of resistance
patterns. Different participating nations achieved reduced antibiotic misuse through the
adoption of data-based programs that combined antibiotic awareness campaigns and antibiotic
stewardship initiatives.

Impact:
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ESAC-Net established data analytics capabilities that advanced European tracking capacities
for antibiotic resistance, enabling research-based policymaking regarding antibacterial
resistance interventions.

The National Antimicrobial Resistance Monitoring System (NARMS) United States
Overview:

NARMS operates nationwide as a large-scale antimicrobial resistance surveillance program
under joint management between the CDC, FDA and USDA. NARMS tracks surveillance
patterns by managing data collection through its extensive network that receives information
from clinical laboratories and foodborne pathogens and animal health sources.

Key Findings:

The research shows Salmonella pathogens alongside Campylobacter strains are developing
increasing resistance patterns that come mostly from foodborne disease situations. Artificial
intelligence monitoring systems enabled researchers to track warning signals of antimicrobial
resistance development, therefore allowing them to respond swiftly. The system gained
increased precision in resistance detection due to the inclusion of whole-genome sequencing
data capabilities for better outbreak management.

Impact:

NARMS functions as a vital assessment mechanism for creating national antibiotic policies
that strengthen antimicrobial farm regulations while producing significant public health
findings from collected data.

Table No.05: Case Studies on Big Data Implementation in AMR Surveillance and
Proposed Solutions

. Challenges Big Data Proposed
Case Study Region Identified Implementation Solutions
Real-time Stricter antibiotic
European High tracking of prescribing
Surveillance antibiotic antibiotic use and | guidelines, public
of consumption | resistance trends awareness
I . Europe . . - .
Antimicrobia leading to using electronic campaigns, and
| increased health records improved
Consumption resistance and prescription stewardship
databases programs
. Al-driven
Rising analytics for earl
National resistance in YUes Y| stricter regulations
- . detection and s .
Antimicrobia . foodborne on antimicrobial
. United Whole-Genome ; .
| Resistance pathogens . use in agriculture,
o States Sequencing .
Monitoring (Salmonella, improved food
(WGS) for
System Campylobact ) safety protocols
resistance
er) .
tracking
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Limited Data-sharin Investment in
WHO Global . g healthcare
L ) infrastructur framework for S
Antimicrobia | Global digitalization,
: e for AMR global AMR .
| Resistance | (Develop . . standardized
. surveillance tracking, .
and Use ing . . reporting, and
. . and integrating .
Surveillance | Nations) | . . - technical support
inconsistent hospital and
System - for resource-
reporting laboratory data - .
limited countries
Over-the- Al-based models Policy reforms
Big Data- counter sale analyzing restricting
Driven AMR India of antibiotics | hospital records antibiotic sales,
Surveillance and lack of | and genomic data | nationwide AMR
in India national to track resistance monitoring
surveillance patterns programs
Increasin Centralized
China's . g database Strengthened
. resistance .
National collecting regulatory
due to .
AMR . resistance data enforcement,
. China overuse of . . .
Surveillance L from hospitals, public education
antibiotics in . :
System hospitals and livestock, and on responsible
(CARSS) P environmental antibiotic use
agriculture
sources

Conclusion & Recommendations

Summary of Findings

Big data plays a vital role in identifying antimicrobial resistance patterns across the globe with
dangerous areas worldwide. Big data analytics extract significant information about resistant
pathogen distribution in space and time by using WHO GLASS alongside CDC records and
national health record systems and genomic sequencing databases. The acquired insights
through such data help develop effective intervention methods and improved resource
distribution to fight against AMR. The implementation of Al predictive models enables
improved resistance pattern detection in advance with forecasting capabilities.

The three machine learning methods of neural networks, K-means clustering, and random
forest models achieve high precision when used for antimicrobial resistance trend prediction.
These healthcare models allow medical staff with government officials, to devise prevention
strategies while reengineering treatment procedures and perfecting antibiotic management
programs. Additional research reveals that the findings establish a critical requirement to
develop real-time surveillance system integration. The control of AMR faces obstacles from
developing regions because they encounter issues with data standardization, inadequate
infrastructure, and delayed reporting. The world needs to enhance international partnerships as
well as healthcare system digitization while developing strong ethical guidelines to build an
effective global AMR monitoring system.

Policy Implications
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A comprehensive global data-sharing framework needs to develop for effective antimicrobial
resistance management by enabling perfect cross-border integration of surveillance systems.
Interventions are disabled by the current limitations, which restrict easy access to data and
standard methods of reporting and information standardization. The WHO and CDC with
national governments, must create universal AMR data collection procedures that establish a
framework for mutual nation-to-nation transparency in sharing this information. Real-time
analytical capabilities of a universal AMR database would strengthen forecasting functions
and speed up the handling of new resistance threats.

The healthcare sector needs increased Al adoption because it improves AMR monitoring
tools and the reaction strategies. Al models supply predictive systems for resistance pattern
detection as well as rationalize antibiotic prescriptions and help develop patient-specific
therapy plans. Government decision-makers need to spend public funds on health Al
infrastructure and staff training and the establishment of regulations that would enable the
combination of Al systems into healthcare clinical operations and public health plans. Global
health systems enhance their resistance against antimicrobial resistance while delivering better
patient results with data-centered interventions through the adoption of these vital policies.

Limitations & Future Research Directions

The implementation of big data and Al-driven models for AMR surveillance requires several
modifications since their demonstrated capabilities face important obstacles. The main barrier
to more precise models of insufficient diverse training data which must achieve higher quality.
The use of current Al models leads to biased outcomes because imbalanced datasets occur
mainly in regions lacking proper AMR reporting systems. Future research needs to build larger
worldwide data collections and merge present-time genomic and clinical information to
upgrade forecasting potential. The ethical issues in AMR surveillance create major obstacles
for tracking antibiotic-resistant microorganisms.

The analysis of patient health records blends with genomic assessment and Al systems,
which create problems for data privacy along with the need for informed consent and biased
decision-making. Public health authorities need to develop strong ethical rules with legal
principles that provide proper oversight for Al usage in medical systems. Research on Al must
particularly focus on creating transparent decision-making systems that guarantee protection
of significant health information. The field of AMR has potential research opportunities
because researchers aim to extend Al-based AMR models into personalized medicine
solutions. The implementation of targeted antimicrobial interventions through these models
would help lower the misuse of broad-spectrum antibiotics. Scientists should study how Al
applications link AMR monitoring systems to individual healthcare solutions in order to create
better long-term antibiotic treatment approaches worldwide.

References

1. Ahmed, E., Yaqoob, I., Hashem, I. A. T., Khan, I., Ahmed, A. I. A., Imran, M., & Vasilakos, A. V.
(2017). The role of big data analytics in Internet of Things. Computer Networks, 129, 459-471.

2. Amaébile-Cuevas, C. F. (2016). Antibiotics and antibiotic resistance in the environment. CRC
Press/Balkema is.

3. M. D., Weissman, N. J., Dilsizian, V., Jacobs, A. K., Kaul, S., ... & Veranis, M. S. (2002).
Standardized myocardial segmentation and nomenclature for tomographic imaging of the heart:
American Heart Association Writing Group on Myocardial Segmentation and Registration for

Nanotechnology Perceptions 16 No. 3 (2020) 361-378



The Role Of Big Data In Combatting ... Mia Md Tofayel Gonee Manik, et al. 375

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Cardiac Imaging: Cerqueira, a statement for healthcare professionals from the Cardiac Imaging
Committee of the Council on Clinical Cardiology of the American Heart
Association. Circulation, 105(4), 539-542.

Antonopoulos DA, Assaf R, Aziz RK, Brettin T, Bun C, Conrad N, Davis JJ, Dietrich EM, Disz T,
Gerdes S, Kenyon RW, Machi D, Mao C, Murphy- Olson DE, Nordberg EK, Olsen GJ, Olson R,
Overbeek R, Parrello B, Pusch GD, Santerre J, Shukla M, Stevens RL, VanOeffelen M, Vonstein V,
Warren AS, Wattam AR, Xia F, Yoo H. 2019. PATRIC as a unique resource for studying
antimicrobial resistance. Brief Bioinform 20:1094-1102. 10.1093/bib/bbx083.

Arifin, S. R. M. (2018). Ethical considerations in qualitative study. International journal of care
scholars, 1(2), 30-33.

Barbieri, M. M., & Berger, J. O. (2004). Optimal predictive model selection.

Berendonk, T. U., Manaia, C. M., Merlin, C., Fatta-Kassinos, D., Cytryn, E., Walsh, F., ... &
Martinez, J. L. (2015). Tackling antibiotic resistance: the environmental framework. Nature reviews
microbiology, 13(5), 310-317.

Boolchandani, M., D’Souza, A. W., & Dantas, G. (2019). Sequencing-based methods and resources
to study antimicrobial resistance. Nature Reviews Genetics, 20(6), 356-370.

Brayne, S. (2017). Big data surveillance: The case of policing. American sociological review, 82(5),
977-1008.

Centers for Disease Control and Prevention Active Bacterial Core Surveillance Report, Emerging
Infections Program Network, Methicillin-Resistant Staphylococcus aureus, 2011. Awvailable
from: http://www.cdc.gov/abcs/reports-findings/survreports/mrsall.pdf

Chattu, V. K., Nanda, A., Chattu, S. K., Kadri, S. M., & Knight, A. W. (2019). The emerging role of
blockchain technology applications in routine disease surveillance systems to strengthen global health
security. Big Data and Cognitive Computing, 3(2), 25.

Chen, D., & Zhao, H. (2012, March). Data security and privacy protection issues in cloud computing.
In 2012 international conference on computer science and electronics engineering (Vol. 1, pp. 647-
651). IEEE.

Choy, G., Khalilzadeh, O., Michalski, M., Do, S., Samir, A. E., Pianykh, O. S., ... & Dreyer, K. J.
(2018). Current applications and future impact of machine learning in radiology. Radiology, 288(2),
318-328.

Dash, S., Shakyawar, S. K., Sharma, M., & Kaushik, S. (2019). Big data in healthcare: management,
analysis and future prospects. Journal of big data, 6(1), 1-25.

Deshpande, L. M., Fritsche, T. R., Moet, G. J., Biedenbach, D. J., & Jones, R. N. (2007).
Antimicrobial resistance and molecular epidemiology of vancomycin-resistant enterococci from
North America and Europe: a report from the SENTRY antimicrobial surveillance
program. Diagnostic microbiology and infectious disease, 58(2), 163-170.

Dimitrov, D. V. (2016). Medical internet of things and big data in healthcare. Healthcare informatics
research, 22(3), 156-163.

Fisher, A., Rudin, C., & Dominici, F. (2019). All models are wrong, but many are useful: Learning a
variable's importance by studying an entire class of prediction models simultaneously. Journal of
Machine Learning Research, 20(177), 1-81.

Fiske, A., Del Savio, L., Prainsack, B., & Buyx, A. (2019). Conceptual and ethical considerations for
citizen science in biomedicine. Personal Health Science: Persdnliches Gesundheitswissen zwischen
Selbstsorge und Burgerforschung, 195-217.

Founou, L. L., Founou, R. C., & Essack, S. Y. (2016). Antibiotic resistance in the food chain: a
developing country-perspective. Frontiers in microbiology, 7, 1881.

Frieri, M., Kumar, K., & Boutin, A. (2017). Antibiotic resistance. Journal of infection and public
health, 10(4), 369-378.

Goossens, H., Ferech, M., Vander Stichele, R., & Elseviers, M. (2005). Outpatient antibiotic use in
Europe and association with resistance: a cross-national database study. The Lancet, 365(9459), 579-
587.

Nanotechnology Perceptions 16 No. 3 (2020) 361-378


http://www.cdc.gov/abcs/reports-findings/survreports/mrsa11.pdf

376 The Role Of Big Data In Combatting ... Mia Md Tofayel Gonee Manik et. al.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Groves, P., Kayyali, B., Knott, D., & Kuiken, S. V. (2013). The ‘big data ‘revolution in healthcare:
Accelerating value and innovation.

Harbarth, S., Balkhy, H. H., Goossens, H., Jarlier, V., Kluytmans, J., Laxminarayan, R., ... & World
Healthcare-Associated Infections Resistance Forum participants. (2015). Antimicrobial resistance:
one world, one fight!

Hernando-Amado, S., Coque, T. M., Baquero, F., & Martinez, J. L. (2019). Defining and combating
antibiotic resistance from One Health and Global Health perspectives. Nature microbiology, 4(9),
1432-1442.

Hootman, J. M., & Helmick, C. G. (2006). Projections of US prevalence of arthritis and associated
activity limitations. Arthritis & Rheumatism: Official Journal of the American College of
Rheumatology, 54(1), 226-229.

Hossain, M. A., Chowdhury, T., & Bagul, A. (2015). Imaging modalities for the in vivo surveillance
of mesenchymal stromal cells. Journal of Tissue Engineering and Regenerative Medicine, 9(11),
1217-1224.

Hu, Y.; Yang, X.; Li, J.; Lv, N.; Liu, F.; Wu, J.; Lin, L.Y.; Wu, N.; Weimer, B.C.; Gao, G.F.; et al.
The Bacterial Mobile Resistome Transfer Network Connecting the Animal and Human
Microbiomes. Appl. Environ. Microbiol. 2016, 82, 6672-6681.

Huang, S.; Chaudhary, K.; Garmire, L.X. More is better: Recent progress in multi-omics data
integration methods. Front. Genet. 2017, 8, 84.

Jain, A.K. Data clustering: 50 years beyond K-means. Pattern Recognit. Lett. 2010, 31, 651-666.
Johnson, A. P., & Woodford, N. (2013). Global spread of antibiotic resistance: the example of New
Delhi metallo-p-lactamase (NDM)-mediated carbapenem resistance. Journal of medical
microbiology, 62(4), 499-513.

Kaplan SL, Mason EO, Wald ER, Schutze GE, Bradley JS, Tan TQ, et al. Decrease of invasive
pneumococcal infections in children among 8 children's hospitals in the United States after the
introduction of the 7-valent pneumococcal conjugate vaccine. Pediatrics. 2004;113(3):443-49.

Kim, S. H., Song, J. H., Chung, D. R., Thamlikitkul, V., Yang, Y., Wang, H., ... & Peck, K. R. (2012).
Changing trends in antimicrobial resistance and serotypes of Streptococcus pneumoniae isolates in
Asian countries: an Asian Network for Surveillance of Resistant Pathogens (ANSORP)
study. Antimicrobial agents and chemotherapy, 56(3), 1418-1426.

Koo, D., Piratla, K., & Matthews, C. J. (2015). Towards sustainable water supply: schematic
development of big data collection using internet of things (1oT). Procedia engineering, 118, 489-
497.

Kuhn, M., & Johnson, K. (2013). Applied predictive modeling (Vol. 26, p. 13). New York: Springer.
Liu, Y., Qin, R., Zaat, S. A., Breukink, E., & Heger, M. (2015). Antibacterial photodynamic therapy:
overview of a promising approach to fight antibiotic-resistant bacterial infections. Journal of clinical
and translational research, 1(3), 140.

Luo, J., Wu, M., Gopukumar, D., & Zhao, Y. (2016). Big data application in biomedical research and
health care: a literature review. Biomedical informatics insights, 8, BI1-S31559.

Magana, M., Chatzipanagiotou, S., Burriel, A. R., & loannidis, A. (2017). Inquiring into the gaps of
Campylobacter surveillance methods. Veterinary sciences, 4(3), 36.

Martin, K. D., & Murphy, P. E. (2017). The role of data privacy in marketing. Journal of the Academy
of Marketing Science, 45, 135-155.

Murdoch, T. B., & Detsky, A. S. (2013). The inevitable application of big data to health
care. Jama, 309(13), 1351-1352.

Nguyen, M., Long, S. W., McDermott, P. F., Olsen, R. J., Olson, R., Stevens, R. L., ... & Davis, J. J.
(2019). Using machine learning to predict antimicrobial MICs and associated genomic features for
nontyphoidal Salmonella. Journal of clinical microbiology, 57(2), 10-1128.

Nguyen, M.; Long, S.W.; McDermott, P.F.; Olsen, R.J.; Olson, R.; Stevens, R.L.; Tyson, G.H.; Zhao,
S.; Davis, J.J. Using Machine Learning To Predict Antimicrobial MICs and Associated Genomic
Features for Nontyphoidal Salmonella. J. Clin. Microbiol. 2019, 57, e01260-18.

Nanotechnology Perceptions 16 No. 3 (2020) 361-378



The Role Of Big Data In Combatting ... Mia Md Tofayel Gonee Manik, et al. 377

42,

43.

44,

45.

46.

47.

48.

49,

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Podolsky, S. H. (2018). The evolving response to antibiotic resistance (1945-2018). Palgrave
Communications, 4(1).

Riley, L., Guthold, R., Cowan, M., Savin, S., Bhatti, L., Armstrong, T., & Bonita, R. (2016). The
World Health Organization STEPwise approach to noncommunicable disease risk-factor
surveillance: methods, challenges, and opportunities. American journal of public health, 106(1), 74-
78.

Robinson, T.P.; Bu, D.P.; Carrique-Mas, J.; Févre, E.M.; Gilbert, M.; Grace, D.; Hay, S.1.; Jiwakanon,
J.; Kakkar, M.; Kariuki, S.; et al. Antibiotic resistance is the quintessential One Health issue. Trans.
R. Soc. Trop. Med. Hyg. 2016, 110, 377-380.

Roca, I., Akova, M., Baquero, F., Carlet, J., Cavaleri, M., Coenen, S, ... & Vila, J. (2015). The global
threat of antimicrobial resistance: science for intervention. New microbes and new infections, 6, 22-
29.

Rossi, S., Hallett, M., Rossini, P. M., Pascual-Leone, A., & Safety of TMS Consensus Group. (2009).
Safety, ethical considerations, and application guidelines for the use of transcranial magnetic
stimulation in clinical practice and research. Clinical neurophysiology, 120(12), 2008-2039.

Safety Ef, editor. Regulation European. Ban on antibiotics as growth promoters in animal feed enters
into effect (1831/2003/EC). Brussels: Europa; 2005.

Shah S. Q., Cabello F. C., L'Abée-Lund T. M., Tomova A., Godfrey H. P., Buschmann A. H., et al.
(2014). Antimicrobial resistance and antimicrobial resistance genes in marine bacteria from salmon
aquaculture and non-aquaculture sites. Environ. Microbiol. 16, 1310-1320. doi: 10.1111/1462-
2920.12421,

Sharma, C., Rokana, N., Chandra, M., Singh, B. P., Gulhane, R. D., Gill, J. P. S., ... & Panwar, H.
(2018). Antimicrobial resistance: its surveillance, impact, and alternative management strategies in
dairy animals. Frontiers in veterinary science, 4, 237.

Shmueli, G., & Koppius, O. R. (2011). Predictive analytics in information systems research. MIS
quarterly, 553-572.

Skold, O. (2011). Antibiotics and antibiotic resistance. John Wiley & Sons.

Sonesson, C., & Bock, D. (2003). A review and discussion of prospective statistical surveillance in
public health. Journal of the Royal Statistical Society Series A: Statistics in Society, 166(1), 5-21.
Song W., Wemheuer B., Zhang S., Steensen K., Thomas T. (2019). MetaCHIP: community-level
horizontal gene transfer identification through the combination of best-match and phylogenetic
approaches. Microbiome. 7, 1-14. doi: 10.1186/s40168-019-0649-y

Steyerberg, E. W., Harrell Jr, F. E., Borshoom, G. J., Eijkemans, M. J. C., Vergouwe, Y., & Habbema,
J. D. F. (2001). Internal validation of predictive models: efficiency of some procedures for logistic
regression analysis. Journal of clinical epidemiology, 54(8), 774-781.

Tadesse, B. T., Ashley, E. A., Ongarello, S., Havumaki, J., Wijegoonewardena, M., Gonzalez, I. J.,
& Dittrich, S. (2017). Antimicrobial resistance in Africa: a systematic review. BMC infectious
diseases, 17, 1-17.

Tang J., BuY., Zhang X.-X., Huang K., He X., Ye L., et al. (2016). Metagenomic analysis of bacterial
community composition and antibiotic resistance genes in a wastewater treatment plant and its
receiving surface water. Ecotoxicol. Environ. Saf. 132, 260-269. doi: 10.1016/j.ecoenv.2016.06.016,
Thai Q. K., Bos F., Pleiss J. (2009). The lactamase engineering database: a critical survey of TEM
sequences in public databases. BMC Genomics 10, 1-9. doi: 10.1186/1471-2164-10-390
Timmermans, S., & Epstein, S. (2010). A world of standards but not a standard world: Toward a
sociology of standards and standardization. Annual review of Sociology, 36(1), 69-89.

Tropsha, A., Gramatica, P., & Gombar, V. K. (2003). The importance of being earnest: validation is
the absolute essential for successful application and interpretation of QSPR models. QSAR &
Combinatorial Science, 22(1), 69-77.

van Belkum, A., Bachmann, T. T., Ludke, G., Lishy, J. G., Kahlmeter, G., Mohess, A., ... & JPIAMR
AMR-RDT Working Group on Antimicrobial Resistance and Rapid Diagnostic Testing. (2019).

Nanotechnology Perceptions 16 No. 3 (2020) 361-378



378 The Role Of Big Data In Combatting ... Mia Md Tofayel Gonee Manik et. al.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

Developmental roadmap for antimicrobial susceptibility testing systems. Nature Reviews
Microbiology, 17(1), 51-62.

Van Boeckel T. P., Brower C., Gilbert M., Grenfell B. T., Levin S. A., Robinson T. P., et al. (2015).
Global trends in antimicrobial use in food animals. Proc. Natl. Acad. Sci. 112, 5649-5654. doi:
10.1073/pnas.1503141112,

Vikesland, P. J., Pruden, A., Alvarez, P. J., Aga, D., Biirgmann, H., Li, X. D., ... & Zhu, Y. G. (2017).
Toward a comprehensive strategy to mitigate dissemination of environmental sources of antibiotic
resistance.

Wadamori Y., Gooneratne R., Hussain M. A. (2017). Outbreaks and factors influencing
microbiological contamination of fresh produce. J. Sci. Food Agric. 97, 1396-1403. doi:
10.1002/jsfa.8125,

Wang F.-H., Qiao M., Chen Z., Su J.-Q., Zhu Y.-G. (2015). Antibiotic resistance genes in manure-
amended soil and vegetables at harvest. J. Hazard. Mater. 299, 215-221. doi:
10.1016/j.jhazmat.2015.05.028,

Wang, D., Zhang, M., Li, J., Li, Z., Li, J.,, Song, C., & Chen, X. (2017). Intelligent constellation
diagram analyzer using convolutional neural network-based deep learning. Optics express, 25(15),
17150-17166.

Wang, X., Williams, C., Liu, Z. H., & Croghan, J. (2019). Big data management challenges in health
research—a literature review. Briefings in bioinformatics, 20(1), 156-167.

Wang, Y., Kung, L., & Byrd, T. A. (2018). Big data analytics: Understanding its capabilities and
potential benefits for healthcare organizations. Technological forecasting and social change, 126, 3-
13.

Wang, Y., Kung, L., Wang, W. Y. C., & Cegielski, C. G. (2018). An integrated big data analytics-
enabled transformation model: Application to health care. Information & Management, 55(1), 64-79.
World Health Organization (WHO) Indicators of diagnosis, notification and treatment of multidrug-
resistant TB, by region or country and year. Available

from: https://extranet.who.int/sree/Reports?op=vs&path=/WHO_HQ_Reports/G2/PROD/EXT/MD
RTB_Indicators_charts (accessed 2 February 2015).

Xavier B. B., Das A. J., Cochrane G., De Ganck S., Kumar-Singh S., Aarestrup F. M., et al. (2016).
Consolidating and exploring antibiotic resistance gene data resources. J. Clin. Microbiol. 54, 851
859. doi: 10.1128/JCM.02717-15,

Yelin 1., Snitser O., Novich G., Katz R., Tal O., Parizade M., Chodick G., Koren G., Shalev V.,
Kishony R. Personal clinical history predicts antibiotic resistance of urinary tract infections. Nat.
Med. 2019;25:1143-1152. doi: 10.1038/s41591-019-0503-6.

Zliobaite, 1., Pechenizkiy, M., & Gama, J. (2016). An overview of concept drift applications. Big data
analysis: new algorithms for a new society, 91-114.

Nanotechnology Perceptions 16 No. 3 (2020) 361-378


https://extranet.who.int/sree/Reports?op=vs&path=/WHO_HQ_Reports/G2/PROD/EXT/MDRTB_Indicators_charts
https://extranet.who.int/sree/Reports?op=vs&path=/WHO_HQ_Reports/G2/PROD/EXT/MDRTB_Indicators_charts

