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1. INTRODUCTION 

Clinical informatics involves the use of informatics and 

information technology to enhance healthcare delivery 

services. Its function is swiftly transforming to enhance 

clinical decision-making via the integration of cutting-

edge information with medical record systems.
[1]

 As 

medicine transitions to customized therapy and precision 

medicines, the use of knowledge in electronic 

health/medical record (EHR/EMR) systems and 

translational research will improve operational efficiency 

for hospitals and decrease expenses. The population and 

analysis of significant data sets in standardized formats 

from EHRs have not yet occurred, since methods and 

resources remain insufficiently developed. The 

acknowledgment of the significance of using digital data 

and information for patient care has prompted the first 

cohort of doctors to get board certification in the newly 

established subspecialty of clinical informatics.
[2]

 

 

Bioinformatics involves the creation of storage, 

analytical, and interpretative techniques to enhance the 

conversion of growing volumes of biomedical and 

genetic data into proactive, predictive, preventative, and 

participative healthcare.
[3]

 The domain of bioinformatics 

has expanded significantly, yielding a substantial volume 

of data that is mostly unstandardized and generally 
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unavailable. Despite issues with the standardization of 

semantic medical terminology and inconsistent data 

quality affecting clinical informatics, researchers persist 

in grappling with diverse data interchange formats, 

service ontologies, and disjointed online services.
[4,5]

 

With the advent of $1,000 genome analysis and the 

implementation of mandated electronic health records, 

the emphasis in bioinformatics has transitioned from data 

collection to the analysis of extensive datasets for direct 

application in patient treatment. 

 

A crucial step in realizing precision medicine is the 

integration of historical and contemporary data into 

verified information, subsequently transforming this 

information into knowledge useful to diagnosis, 

prognosis, or therapy.
[6]

 This will include creating a 

cohesive knowledge ecosystem that consistently gathers, 

expands, organizes, and institutionalizes new 

information, ensuring its accessibility to healthcare 

practitioners. Data derived from scientific research and 

clinical information inside EHRs will be disseminated, 

influencing the identification of innovative treatment 

approaches and the implementation of precision 

medicine.
[7]

 A laboratory discovery currently takes 17 

years to achieve broad clinical use.
[8]

 Bioinformatics 

aims to refine treatment choices and improve results by 

offering quick access to a patient's genetic, laboratory, 

and electronic health record data, while correlating this 

information with ongoing clinical trials and research. 

 

2. The function of Electronic Health Records in 

connecting clinical informatics with laboratory 

research 

The merits and drawbacks of Electronic Health Records 

(EHR) have been contested since the enactment of the 

American Recovery and Reinvestment Act and the 

HITECH Act of 2009, which required and rewarded its 

implementation and use.
[9,10]

 Despite the American 

Medical College of Informatics identifying cost, data 

security issues, and significant learning curves as 

primary obstacles to EHR adoption, most healthcare 

providers believe that the implementation and effective 

utilization of EHR will reduce operating expenses, lower 

error rates, and enhance positive patient outcomes. From 

an informatics standpoint, the introduction of EHR will 

facilitate the establishment of centralized repositories for 

clinical data, assay findings, and patient outcomes, 

therefore enhancing scientific research.
[11,12]

 The 

proactive use of electronic health records would enhance 

patient care across all medical sectors. Blake et al. 

present an EHR database with a universal, intuitive, 

"Google-like" informatics interface that enables 

communication across diverse infrastructures, hence 

facilitating the identification of new cancer 

biomarkers.
[13]

 

 

Early adoption of Electronic Health Records (EHR) has 

occurred in numerous European countries and within 

private entities such as Kaiser Permanente, as well as 

government organizations like the VA hospital 

system.
[14]

 The adoption of EHR in the United States is 

becoming increasingly widespread and rapid, with 

various vendors supplying EHR systems to medical 

practices of all sizes. Data from the National Center for 

Health Statistics indicates that the use of electronic 

health records (EHR) by office-based doctors has 

increased from 42.0% to 78.4% during the previous five 

years.
[15]

 Survey data from the American Hospital 

Association substantiates this trend, indicating that the 

use of EHR systems in U.S. hospitals increased to 44% 

in 2012, thrice the rate in 2010.
[16,17]

 United States Data 

from the Department of Health & Human Services 

(HHS) indicate that healthcare providers engaged in 

federal EHR Incentive Programs have indicated a 

growing use of diverse EHR systems, suggesting an 

imminent full transition to electronic data. Although 

peer-reviewed data on the several EHR providers is 

scarce, analyses conducted by commercial organizations 

reveal a fragmented market influenced by characteristics 

such as learning curve, usability, and practice size.
[18]

 

This rise is occurring despite obstacles to physician 

acceptance of EHRs, which include financial (elevated 

starting and maintenance costs), technical (deficiencies 

in computer skills), temporal (learning curve), and legal 

(security apprehensions) challenges to EHR 

implementation.
[19]

 

 

The need to implement EHR has resulted in substantial 

volumes of patient data transitioning to the digital 

domain. A pivotal inquiry pertains to the optimal use of 

this knowledge to enhance patient outcomes. A 

systematic analysis conducted in 2011 on the use of 

EHRs on a primary care healthcare system revealed that 

EHRs offered "structural and process benefits," however 

few evidence suggested enhanced patient outcomes.
[11]

 

The positive benefits identified were that EHRs: 1) 

enhanced the completeness of patient contacts, 2) 

stimulated patient inquiries, 3) eliminated 

misunderstanding caused by illegible handwriting, and 4) 

strengthened physicians' trust in the EHR system.
[11]

 The 

negative or detrimental consequences of EHRs included: 

1) no significant variation in the overall number of 

patient office visits, 2) an increase in duplicate order 

entries, 3) a rise in inadequate EHR training, and 4) 

workflow disruptions resulting from system 

malfunctions.
[11]

 Randomized controlled research 

indicates that electronic health records may adversely 

impact physicians' perception of patients' non-verbal 

signals.
[11]

 The current comprehension of the impact of 

EHRs on patient care is underdeveloped; nonetheless, 

enhanced EHR practices, standardization, and training to 

rectify shortcomings will maximize the efficacy of 

EHRs. 

 

3. Electronic Health Records 

The absence of definitive data demonstrating beneficial 

impacts of EHR use on clinical outcomes indicates that 

EHR implementation is only a first step in enhancing 

patient care via informatics. To enhance results via EHR 

use, it is essential to identify optimal strategies for 



Alkhathami et al.                                                           European Journal of Pharmaceutical and Medical Research 

www.ejpmr.com          │         Vol 2, Issue 1, 2015.          │         ISO 9001:2015 Certified Journal         │ 

 

660 

digitizing the extensive data. The now-retired caBIG 

initiative of the National Cancer Institute and its 

successor, the National Cancer Informatics initiative 

(NCIP), exemplify the integration of extensive cancer 

data sets. The advancement of open-source standards has 

allowed cancer researchers to get current clinical data, 

genotypic data, and family inheritance data for study 

design and decision-making purposes.
[20]

 Clinically, 

electronic health records (EHRs) provide extensive 

information to researchers and clinicians, while early 

adopters have begun the integration of clinical decision 

support systems (CDSS), which use the information 

network established by EHRs. The implemented Clinical 

Decision Support Systems (CDSS) provide reminder 

boxes for patient follow-up, alert mechanisms for data 

submission deadlines, and diagnostic recommendations. 

 

4. The need for Clinical Decision Support Systems 

in precision medicine 

Clinical Decision Support Systems (CDSS) are 

instruments that integrate known clinical knowledge with 

current patient data to improve patient care; they include 

a range of methodologies addressing many subjects.
[21]

 

Clinical Decision Support Systems (CDSS) are intended 

to aid the physician-patient interaction at various stages, 

from the first consultation to diagnosis and follow-up 

(Figure 1). It is anticipated that adequately equipped 

Clinical Decision Support Systems (CDSS) would 

greatly enhance patient care across all tiers. 

 

CDSS promises to mitigate the increasingly burdensome 

time constraints faced by doctors. Since the 

implementation of the Affordable Care Act, 46% of 

surveyed emergency medicine doctors have reported an 

increase in patient volume in emergency departments.
[22]

 

The American Academy of Family Physicians projects 

that office visits would rise from 462 million in 2008 to 

565 million by 2025. The American Association of 

Medical Colleges (AAMC) anticipates a deficit of 

130,600 doctors by 2025. The Social Security 

Administration indicates approximately 10,000 baby 

boomers retire daily. The growing disparity between the 

supply of doctors and the demand for their time 

underscores the need for well-structured Clinical 

Decision Support Systems (CDSS).
[23-25]

 

 

Time constraints, coupled with continuously changing 

standards of care, lead to physician errors and postponed 

clinical decisions
[26]

, which negatively affect medical 

economics (physician error is the primary cause of 

ambulatory malpractice claims, averaging $300,000 per 

claim).
[27]

 Error rates have decreased during the last 40 

years, however, may still reach 24.4%.
[28]

 A 2009 review 

indicated that 32% of medical mistakes stemmed from 

insufficient time allocated for patient evaluation, leading 

to inaccurate diagnoses, less emphasis on critical 

analyses, or failure to acknowledge urgency or 

complications.
[26]

 In a contemporary clinical environment 

utilizing Electronic Health Records (EHRs), 78.9% of 

diagnostic errors stemmed from deficiencies in the 

patient-physician interaction, encompassing 1) the 

omission of necessary tests, 2) challenges in obtaining 

precise medical histories, 3) insufficient patient 

examinations by physicians, and 4) inadequate 

assessment of existing documentation.
[29]

 A research 

indicated the absence of electronic recording for 

differential diagnosis on the first visit in 81.1% of 

instances.
[29]

 A recent survey indicated that 74 percent of 

misdiagnoses were attributable to cognitive mistakes 

made by the physician. The predominant mistakes were 

linked to "premature closure," the inclination to cease 

evaluating other alternatives once arriving at a 

diagnosis.
[30]

 During a 25-year span, diagnostic mistakes 

constituted 28.6% of malpractice claims in the United 

States.
[31]

 

 

These results indicate that contemporary EHRs provide 

data points and information but have not enhanced 

comprehension or knowledge. Patient data need 

sequential analysis by clinicians to arrive at accurate 

clinical findings, which then transform into knowledge. 

These difficulties underscore the need for EHR-based 

CDSS to convert clinical data and information into 

actionable knowledge for time-pressed clinicians, 

therefore reducing the occurrence of mistakes. 

 

Clinical Decision Support Systems (CDSS) have been 

used in pharmacology, pharmacy, pharmacogenomics, 

and pathology. Well-defined Clinical Decision Support 

Systems (CDSS) that evaluate renal function, pregnancy 

status, duplicate order entry, drug allergy verification, 

and the appropriateness of drug selection and dosage in 

relation to a specific diagnosis are presently employed to 

mitigate errors in pharmaceutical dosing, drug-drug 

interactions, drug-pregnancy interactions, and other 

medication-related factors.
[32]

 A 1994 comprehensive 

study indicated that drug-prescribing and interaction-

warning systems had improved patient outcomes by 

reducing side effects and dosage mistakes.
[33]

 A 

computerized order entry support system for renal-toxic 

and renal-cleared drugs enhanced dosage appropriateness 

for renal function and reduced the median duration of 

stay by half a day.
[34]

 These systems fulfill an essential 

need by accommodating the ever-evolving 

pharmacological recommendations and interactions, as 

well as the significant number of specialized doctors 

involved with a single patient. Prospective research 

demonstrated an 86% reduction in significant drug 

mistakes after the use of CDSS.
[35]

 Case investigations 

have shown heightened pathogen sensitivity to certain 

antimicrobial drugs, reduced incidence of adverse 

medication reactions, elevated toxic drug levels, and 

bleeding occurrences in patients administered 

anticoagulants.
[33]

 

 

Clinical Decision Support Systems (CDSS) are 

especially adept in forecasting drug-dosing issues linked 

to medications that interact with the cytochrome P450 

system, which metabolizes pharmaceuticals with limited 

therapeutic windows (e.g., Warfarin). Future 
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implementations of Clinical Decision Support Systems 

(CDSS) will enhance pharmacological and dose selection 

by economical genomic analysis, enabling the prediction 

of drug metabolism tailored to individual genetic 

profiles. A CDSS designed for this objective would need 

a substantial initial data collection; but, if implemented, 

it will enable safer, evidence-based optimum therapy and 

dosage for patients.
[36]

 

 

Pathologists have rapidly embraced Clinical Decision 

Support Systems (CDSS) due to the pathology report 

being a critical decision-making element across several 

disciplines, from preventative medicine to surgery. 

Improvements in histopathology analysis, electronic 

health record documentation, and cellular biology 

methodologies have facilitated the collection of 

extensive digitized patient data, leading to the 

development of novel processes in the digital pathology 

laboratory.
[37]

 A specific Clinical Decision Support 

System (CDSS) enables pathologists to aggregate 

prostate cancer data and offers prognostic and decision-

making capabilities.
[38]

 BRCAPRO is a software 

application that estimates the likelihood of possessing a 

harmful mutation in the breast cancer genes BRCA1 

and/or BRCA2, depending on the patient's cancer status 

and familial history of breast and ovarian cancer. 

BRCAPRO demonstrates great sensitivity for screening 

and exemplifies the significant potential of clinical 

informatics to influence preventive medicine and 

enhance patient outcomes.
[39]

  

 

Notwithstanding the encouraging preliminary results 

from the two previously stated domains, most Clinical 

Decision Support Systems (CDSS) have failed to provide 

functionalities beyond basic alarms, reminders, summary 

dashboards, and automated information retrieval 

systems.
[40,41]

 The majority of hospitals in the United 

States have not yet adopted any kind of Clinical Decision 

Support System (CDSS). “Comprehensive” EHR 

systems encompass decision support functionalities, such 

as clinical guidelines, clinical reminders, drug-allergy 

alerts, drug-drug interaction alerts, drug-laboratory 

interaction alerts, and drug-dosing support; merely 1.5% 

of 2,952 surveyed hospitals attained a “comprehensive” 

designation.
[42]

 Limited research on Clinical Decision 

Support Systems (CDSS) has shown any improvement in 

outcomes, and the observed benefits have attained very 

minimal statistical significance.
[40]

 A meta-analysis of 

148 randomized clinical studies on CDSS deployment 

revealed that hardly 20% affected clinical outcomes.
[41]

 

Improvements were observed in morbidity outcomes, 

including hospitalizations, surgical site infections, 

cardiovascular events, and deep vein thrombosis; 

however, there was minimal impact on mortality or 

pharmacologic adverse events
[41]

, indicating that Clinical 

Decision Support Systems require enhancement before 

they can consistently deliver clinically significant 

insights. 

 

Scientific and clinical datasets are often stored in 

extensive files across many global databases, referred to 

as "information silos." To transform vast data sets and 

pertinent information into formats readily accessible to 

doctors and researchers, it is essential to integrate 

information silos. Intelligent algorithms must use 

standardized languages or phenotypes to determine the 

relevance of material to a certain query. If the extensive 

patient data in hospital EHR systems is seen as an 

information silo, how may linkages be established 

between patient data and source literature for scientific 

and clinical applications? An effective Clinical Decision 

Support System (CDSS) would integrate data and 

insights derived from extensive research, clinical tests, 

blood analyses, and follow-up information to achieve the 

clinical target. The integration of information across 

various domains exemplifies the concept of cooperation 

in medicine. 

 

5. Progression from data to processed information, 

to integrated knowledge, to expert systems 

Initially, digitized data were saved in files, then in 

databases, and now in data warehouses and, via the 

internet, in "the cloud". The vast expansion of data 

capacity and storage has facilitated contemporary "big 

data" paradigms and projects that aim to address more 

intricate scientific and medical inquiries. The primary 

obstacles to advancement are the fragmented and 

scattered characteristics of "big data." The objective is to 

provide methods for integrating or querying the relevant 

information silos to get necessary insights and solutions 

to problems. 

 

Scientific research across several fields produces 

comprehensive findings that consist of novel data and 

interpretative insights, which are often disseminated to 

other researchers via publishing in scientific journals and 

inclusion in databases. The vertical organization of such 

knowledge often maintains data in silos, creating access 

hurdles that hinder seamless integration and querying of 

information. Consequently, to efficiently use new 

scientific findings and enhance comprehension among 

scientists in diverse domains, a tool for analyzing data 

across current information silos is essential. 

 

A prevalent and effective approach for integrating 

diverse data sources is to use standardized vocabularies 

and data formats, aiming to diminish complexity and 

technological obstacles to their integration across various 

domains of expertise. Scientific information is highly 

standardized, with data formatting governed by U.S. 

government institutions such as the government Institute 

of Standards and Technology (NIST) and the National 

Institutes of Health (NIH).
[43]

 Health Level Seven 

International (HL7), the World Health Organization's 

International Classification of Diseases (ICD9, ICD10, 

and ICD-O), and the International Health Terminology 

Standards Development Organization (SNOMED) have 

established standards for clinical data points and 

information within electronic health records (EHRs) and 

various clinical reports, including paper-based physician 
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or patient charts. To facilitate the incorporation of 

genomic data into Clinical Decision Support Systems 

(CDSS) and to elucidate data pertaining to biological 

concepts, the integration of resources such as Gene 

Ontology (GO) and HUGO Gene Nomenclature will be 

essential. 

 

As knowledge progresses, the terminology used to 

convey this information must be harmonized and 

included into the foundational framework represented by 

established standards. Furthermore, new standards must 

be implemented on existing data to facilitate 

comparisons between contemporary and historical data. 

The ongoing debates necessary for developing such 

standards are substantial and important, sometimes 

lengthy, hard, and contentious. The ongoing evolution of 

standards and data presents hurdles to widespread 

acceptance; yet, the successful application of these 

'internationally acknowledged' standards is essential to 

expedite the use of Clinical Decision Support Systems 

(CDSS) and improve the quality of patient care.
[44]

 

 

Emerging research platforms using diverse genomic and 

other "-omic" technologies produce substantial volumes 

of raw data necessitating processing via biostatistical 

methodologies and an array of visualization instruments. 

Data from new platforms is sometimes challenging to 

correlate with information produced by previous 

platforms. In response to this challenge, commercial 

software firms have created comprehensive tool suites 

tailored for platform-specific data. Large datasets of gene 

expression experimental findings are archived in the 

NCBI Gene Expression Omnibus (GEO).
[45]

 Numerous 

organizations and firms have devised efficient and novel 

methods to extract diverse gene expression data from 

GEO, facilitating researchers' access to and analysis of 

vital information. Domain-specific systems use database 

technologies that enable the logical integration of 

information from several databases, hence offering 

enhanced capabilities to researchers. 

 

6. CONCLUSIONS 

We have reached an age in which computers, tablets, and 

smartphones facilitate the recording of practically all 

information in digital format. Computer-based systems 

capable of hosting all scientific and clinical data are 

essential for producing endpoint knowledge that directly 

enhances the understanding and treatment of illness for 

each patient. The convergence of supercomputing, 

research, and medicine has rendered the transformation 

of data into knowledge, along with its dissemination, 

essential for realizing precision medicine and 

individualized patient care. 
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 تحليلات البيانات في السجلات الصحية المتكاملة: تحسين التنبؤ بالنتائج الصحية عبر خدمات الطوارئ والتمريض والصيدلة والمختبرات

 الملخص
او ثهزِ دوسًا حٍىٌبً فً رىحٍذ رمذٌى انشعبٌخ انصحٍخ ثهذف رحسٍٍ َزبئج انًشضى. ويع رنك، فئٌ الانزز (CPGs) رهعت الإسشبداد انسشٌشٌخ :الخلفية

د انطجٍخ الإسشبداد ٌخزهف ثشكم كجٍش عجش انًجبلاد انصحٍخ، لا سًٍب فً انجٍئبد يزعذدح انزخصصبد يثم خذيبد انطىاسا وانزًشٌض وانصٍذنخ وانسجلا

 .حٍخوانًخزجشاد. ٌعُذ فهى انعىايم انجىهشٌخ وانخبسجٍخ انزً رؤثش عهى الانززاو ضشوسٌبً نزحذٌذ انفجىاد ورحسٍٍ انًًبسسبد انص

اعزًذد هزِ انذساسخ عهى يشاجعخ يُهجٍخ يخزهطخ ثبسزخذاو َهج ركبيهً يزمبسة. رى جًع الأدثٍبد راد انصهخ يٍ انًجلاد انًحكًخ ولىاعذ  :الطرق

زً رؤثش عهى الانززاو انجٍبَبد وانًصبدس انشيبدٌخ. رضًُذ انزحهٍم ثٍبَبد َىعٍخ وكًٍخ نذساسخ انعىايم انشخصٍخ وانًعشفٍخ وانزُظًٍٍخ وانزكُىنىجٍخ ان

 .ثبلإسشبداد انسشٌشٌخ. رى ديج انزىنٍف انًىضىعً نهُزبئج انُىعٍخ يع انُزبئج انكًٍخ نضًبٌ فهى شبيم نهعىائك وانعىايم انًسبعذح

ويىالف ودوافع انعبيهٍٍ  حذدد انًشاجعخ انعذٌذ يٍ انعىايم انًزكشسح انزً رؤثش عهى الانززاو عجش انزخصصبد. شًهذ انعىايم انجىهشٌخ يعشفخ :النتائج

حٍخ فً انشعبٌخ انصحٍخ، ثًٍُب رضًُذ انعىايم انخبسجٍخ انذعى انزُظًًٍ، ورىافش انًىاسد، وديج أَظًخ دعى انمشاس انسشٌشي ضًٍ انسجلاد انص

حٍٍ سهطذ خذيبد انصٍذنخ أثهغذ فشق انطىاسا وانزًشٌض عٍ رحذٌبد رزعهك ثحجى انًشضى انًشرفع وانمٍىد انزيٍُخ، فً  .(EHRs) الإنكزشوٍَخ

ٍب انمبثهخ نهزشغٍم وانًخزجشاد انضىء عهى أهًٍخ انزىاصم انذلٍك ورىحٍذ انجٍبَبد. واسرجظ رحسٍٍ الانززاو ثجشايج انزذسٌت ودعى انمٍبدح وأَظًخ انزكُىنىج

 .انجًٍُ

عمذح ويزشاثطخ. ًٌكٍ أٌ ٌؤدي انزصذي نهعىائك انجىهشٌخ ٌزأثش الانززاو ثبلإسشبداد انسشٌشٌخ فً انجٍئبد يزعذدح انزخصصبد ثعىايم ي :الاستنتاج

نًشضى ثشكم وانخبسجٍخ يٍ خلال رذخلاد يسزهذفخ رشًم انزعهٍى، ورعزٌز انزعبوٌ، وركبيم انزكُىنىجٍب إنى رحسٍٍ الانززاو ثبلإسشبداد وجىدح سعبٌخ ا

 .سزفٍذ يٍ َمبط انمىح يزعذدح انزخصصبدكجٍش. رؤكذ انُزبئج عهى انحبجخ إنى َهج يزًبسك نزمذٌى انشعبٌخ انصحٍخ ٌ

 .الإسشبداد انسشٌشٌخ، انشعبٌخ انصحٍخ يزعذدح انزخصصبد، الانززاو، انسجلاد انصحٍخ الإنكزشوٍَخ، انًشاجعخ انًُهجٍخ :الكلمات المفتاحية


