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Abstract: Electronic medical records (EMRs) have many benefits in clinical research in gerontology, enabling data analysis, 
development of prognostic tools and disease risk prediction. EMRs also offer a range of advantages in clinical practice, such as 
comprehensive medical records, streamlined communication with healthcare providers, remote data access, and rapid retrieval of test 
results, ultimately leading to increased efficiency, enhanced patient safety, and improved quality of care in gerontology, which includes 
benefits like reduced medication use and better patient history taking and physical examination assessments. The use of artificial 
intelligence (AI) and machine learning (ML) approaches on EMRs can further improve disease diagnosis, symptom classification, and 
support clinical decision-making. However, there are also challenges related to data quality, data entry errors, as well as the ethics and 
safety of using AI in healthcare. This article discusses the future of EMRs in gerontology and the application of AI and ML in clinical 
research. Ethical and legal issues surrounding data sharing and the need for healthcare professionals to critically evaluate and integrate 
these technologies are also emphasized. The article concludes by discussing the challenges related to the use of EMRs in research as 
well as in their primary intended use, the daily clinical practice. 
Keywords: electronic medical records, gerontology, artificial intelligence, geriatrics, aging

Introduction
Older adults have a higher incidence of chronic conditions, and they are also at a higher risk of experiencing adverse health 
events, such as falls and infections.1 Health information technology has the potential to improve care for older patients by 
enabling appropriate diagnosis, disease risk monitoring, and prevention, with the transition to computer-based patient records 
seen as essential for modern healthcare.2,3 A previous systematic review revealed various types of technological solutions that 
have been the focus of research in gerontology, including telecare (which is the most common), electronic medical record 
(EMR), decision support systems, web-based packages for patients and their families, and assistive information technology.2 

EMRs are digital versions of patient’s medical records, which contain dynamic information about their medical history, 
diagnoses, treatment, and health care data.2 EMRs are more than a simple representation of paper documentation because of 
their multi-domain characteristics. EMRs are designed to facilitate efficient storage, retrieval, and sharing of patient informa-
tion between providers. The terms EMR and electronic health record (EHR) are often used interchangeably; EMR refers to 
a digital patient record within a healthcare provider’s office, containing human and machine-generated data, offering instant 
access and efficient tracking, while EHR encompasses information from multiple medical investigators, enabling sharing 
among clinicians and researchers across hospitals to enhance disease understanding and study underlying causes.4

The purpose of this article was to review the EMRs literature with a focus on the advantages, weaknesses and issues 
related to their use in the future with the aid of technological advancements. It is a narrative type of review. Due to the 
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diversity of the literature in this area, each section is presented from the perspective of scientific research and clinical 
practice. Based on an analysis of the literature on EMRs, we concluded that machine learning (ML) and artificial 
intelligence (AI) are increasingly being applied in this area. For this reason, we decided to include it in our review. It is 
hoped that this expanded coverage of the topic of EMRs will show important subject areas, be useful in designing future 
research in the field of gerontology and guidelines to improve care of older patients. Review can be useful for many 
healthcare and IT professionals who plan to conduct research using EMRs, intend to create/implement new EMRs 
systems or plan to evaluate existing ones. A chronology of selected events relevant to the two perspectives is presented in 
Figure 1.3,5–14 The recipient of EMR, ie, the older patients, is also considered.

Benefits – Research
Applications of EMRs in Research
EMRs data generated during patient care can be used to support research in several ways (Figure 2).9,15 Studies using 
EMRs have analyzed various somatic conditions of older patients including frailty syndrome,16–18 type 2 diabetes,19 

dementia,20,21 and falls.22 Table 1 lists the selected articles that demonstrate the use of EMRs in different areas, including 
diagnosis of specific diseases, pharmacology, and clinical decision support.17,23–29 Notable in the literature review is the 
large number of retrospective studies using the already collected EMR datasets.24,28,30,31 There are also numerous pilot 
studies most often aimed at improving EMR-based diagnostics.16,29,32

EMRs offer rich resources and opportunities to improve research (and clinical care), especially for undiagnosed 
dementia. Structured EMR data (eg, diagnostic and procedural codes and laboratory values) have been used in 
population-based research, which can be used in identifying specific patient characteristics, conducting surveillance, 
and estimating dementia risk.34 Many research consortia, including the Electronic Medical Records and Genomics 
Network (eMERGE), have used EMRs to construct and identify dementia phenotypes.35 In older population, both 

1940s–1950s: Development of computers and the concept of AI

1959: Keeve Brodman and colleagues proposed the idea that diagnostic 
interpretations can be carried out by machines 1960s: Larry Weed introduced the Problem Oriented Medical Record, pioneering 

the concept of electronically recording and maintaining patient data

1970s: William B. Schwartz predicted that computers would potentially replace 
some intellectual functions of physicians
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1980s: Rule-based systems showed usefulness in commercial tasks but not in 
clinical medicine; physicians expressed skepticism on the anticipated revolution in 
computer-assisted diagnosis

1990s: Despite slow processing speed and limited memory of computers, progress 
had been made for machines to perform repetitive medical tasks

2000s–2010s: EMR data started to be 
used for analyzing disease prevalence, 
treatment outcomes, and healthcare 
utilization patterns in geriatric populations

2010s–present: EMRs integrate with clinical decision support systems in geriatric 
care to deliver real-time alerts and recommendations for medication management, 
guideline adherence, and preventive care; EMRs allow tracking longitudinal 
changes in health and developing risk prediction models for geriatric conditions

Present–future: Integration of EMRs with health information exchange networks 
and research databases to enable collaborative research, comprehensive analyses 
and personalized interventions in geriatric care

1972: The Regenstrief Institute 
developed the first EMR system, 
initially utilized by government 
hospitals and visionary institutions

1991: The Institute of Medicine 
(IOM) promoted computer-based 
patient records through 
sponsored studies and reports

2000s–2010s: Expansion and integration of EMRs in geriatric care, with adoption 
across various healthcare settings and customization with specialized functionalities 
(e.g., medication management, fall risk assessment, cognitive screening)

2010s: Government initiatives, incentive programs, and standardization efforts 
promoted EMR adoption, utilization, and interoperability in geriatric care

2010s–present: Advancements in technology lead to the adoption of mobile EMR 
applications, remote monitoring, and telehealth capabilities in geriatric care

Present–future: Integration of predictive analytics and AI-powered decision 
support tools in EMR systems to enhance geriatric care

EMR – research EMR – clinical practice

Early 2000s: Advancements in 
technology led to improvements 
in machine performance for 
specific medical tasks

1971–1992: Development of various EHR 
systems, including integrations with billing, 
scheduling, and clinical systems (e.g., 
COSTAR, PROMIS, TMR, and HELP); 
emergence of web-based EHRs with 
advancement of the Internet

1990s–2000s: Early adoption of EMRs in 
geriatrics by pioneering healthcare 
organizations and research institutions, 
but only for limited and experimental use

Figure 1 Evolution of electronic medical records in research and clinical practice.3,5–14
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dementia and depression are common, and identifying these conditions still remains a challenge. These sources are made 
available in many countries, and information is collected for research purposes and for epidemiological studies.12,33 

EMRs contain rich data on health and sociodemographic variables, making them promising sources for generating 
simpler scores such as the electronic frailty index (eFI).36 In the field of gerontology, new insights from old data may 
prove valuable in identifying risk factors for conditions and in improving diagnostics and treatment. Analysis of routine 
data can be used to develop prognostic tools to identify future risk of events.12 For example, the Hospital Frailty Risk 
Score offers a cost-effective and systematic approach to screen for frailty, enabling the identification of high-risk patients 
who may benefit from a frailty-focused approach.16 Validation study have demonstrated that patients with higher frailty 

Figure 2 Summary of benefits and limitations of using electronic medical records.2,3,5–14,16,33

Table 1 Selected Studies Using EMRs Along with a Brief Overview

Outcome of 
Interest

Author Year Country Data Source Purpose

Dementia Reuben et al23 2017 US EHRs from the UCLA 
Dementia Registry

To examine the diagnostic performance of the combinations of 
ICD diagnoses and natural language processing in identifying 
dementia patients

Frailty Mak et al17 2022 Sweden EHRs from 9 geriatric clinics To develop an electronic frailty index using routinely collected 
EHRs and assess its association with adverse outcomes in 
hospitalized older adults

Pneumonia Liong-Rung 
et al24

2022 Taiwan EMRs from emergency 
department in one hospital

To develop a deep convolutional neural network model to 
accurately interpret chest X-ray images in distinguishing 
between pneumonia and pulmonary edema in older patients

Delirium Kim et al25 2022 US EHRs from intensive care 
unit at Columbia University 
Irving Medical Center

To develop a classification model using various features such as 
age, sex, Elixhauser comorbidity index, drug exposures, and 
diagnoses to identify delirium

Falls Dormosh et al22 2022 Netherlands EHRs from 59 general 
practices

To externally validate a previously developed fall prediction 
model

Medication Park et al27 2022 South 
Korea

National claims database and 
EHRs from emergency 
department of 4 hospitals

To examine prevalence and risk factors of medication-related 
emergency department visits in community-dwelling older 
patients using a standardized method

Medication Yoon et al28 2022 South 
Korea

EMR at a tertiary academic 
medical center

To examine the epidemiology of potentially inappropriate 
medication use associated with exacerbating dementia symptoms

Clinical decision 
support

Brown et al29 2022 US EHR from primary care 
clinics affiliated with 
Northwestern Medicine

To conduct a cluster-randomized trial to assess the effectiveness of 
behavioral economics-informed clinical decision support 
interventions in reducing overtesting and overtreatment in older 
adults

Abbreviations: EHR, electronic health record; EMR, electronic medical record; ICD, International Classification of Diseases.
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risk, as determined by the Hospital Frailty Risk Score, have increased 30-day mortality, longer hospital stays and higher 
readmission rates, although the score’s ability to differentiate outcomes at the individual level is limited.16 This initial 
identification, however, can be useful in making decisions about follow-up care. Updating clinical data also allows for 
regular validation of prognostic models with current health status and population demographics (an example is the Q-Ris 
version of the cardiovascular risk calculator).37 EMRs generate new and additional information.

To address clinical uncertainties and answer research questions, different approaches in clinical decision-making 
across diseases can be explored.7,12 This can be achieved through evaluation design, cohort trials or cluster randomiza-
tion, in which general practices contributing to routine datasets are randomly assigned to intervention or control groups. 
Additionally, assessing critical health indicators associated with aging, such as frailty or dementia, during the recruitment 
phase and comparing them to population-level data can enhance the applicability of study findings.12 Moreover, by 
combining surveys with EMR data, less burdensome monitoring of study endpoints becomes possible, allowing for 
longer and more meaningful follow-up periods for decision-making.38 People aged over 85, with frailty syndrome or 
dementia, from ethnic minorities or living in poor areas are often underrepresented in studies. Many older patients may 
drop out of the study for a variety of reasons (eg, poor health, high number of visits to specialists that limit their ability to 
participate in other research projects, social factors). The aforementioned variables can affect the results of ongoing 
studies and limited options in recruiting participants can lead to errors in analyses.12 The utilization of routine data with 
consent at the general practice level can significantly mitigate this type of selection bias. Older patient at any stage should 
be able to change decision to share data for research purposes.12

The cost of routine data collection is also lower; in addition, routine data offer precise records of prescriptions over 
a lifetime (there is still a demand to obtain reliable data on the benefits and effects of drugs in the older patients, where 
multimorbidity, polypharmacy and frailty syndrome are common).12

Machine Learning Algorithms in EMRs Data
The use of AI for EMR analysis is increasing.39,40 AI tools, which include ML, are technologies for analyzing data, 
catching hidden information, identifying risk factors and giving suggestions for diagnosis.8 In ML, input data are 
provided along with expected results (supervised learning - one of the types of ML). The algorithm learns the relationship 
between the input data and the corresponding output variables (eg, disease identification); after the learning process, the 
algorithm can give a classification or prediction after new input data.41,42 The number of citations referencing ML in 
PubMed significantly grew from 358 in 2008 to 3543 in 2017, and surpassed 3700 within the first three quarters of 
2018.15 ML algorithms are used for classification or prediction, which translates into clinical applications related to 
diagnosis and prognosis.43 ML has been used in dementia research, including neuroimaging studies and biomarkers 
(which are not routinely available in EMRs).33,44 Although most studies are currently limited to diagnosing dementia, 
analyses related to identifying other geriatric syndromes or behavioral symptom patterns in dementia are emerging. 
Approaches using ML require further research in diagnosing mental health problems in older adults.33 In addition to 
validated tools that assess a patient’s cognitive function, a model that uses retrospective EMRs data to identify delirium 
(where age, sex, Elixhauser comorbidity index, drug exposure and diagnoses were used as features) may be useful.25 One 
study developed a keyword scale for semi-automated detection of delirium using natural language processing (NLP) of 
clinical notes from EMRs, which presented a new diagnostic instrument.32

The use of ML and deep learning (a more advanced form of ML) can also contribute to better symptom detection and 
disease classification, which has the potential to improve the diagnostic and decision-making process and reduce the cost 
of medical care.10,45 Deep learning has been used for clinical decision support in the diagnosis of various diseases,8 due 
to the fact that it effectively handles unstructured and ambiguous data,46 including diabetic retinopathy,47 skin cancer,48 

and dyspnea in older patients.24 ML has also been used to predict future oxygen demand in patients with Covid-19 
infection using inputs of vital signs, laboratory data and chest X-rays.49 It has also found application in identifying 
abuse.50 In addition to systems focused on collecting and codifying data, new forms of technology can use data that is 
both human-generated and machine-generated.8

EMRs contain diverse information categorized as structured (eg, diagnoses, prescriptions) and unstructured free text 
(eg, medical status). NLP techniques are commonly used to analyze and extract information from the unstructured data, 
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enabling the development of classification and prediction models for conditions like dementia. Combining structured and 
unstructured EMR data using ML approaches has shown promise in gerontology research, including mortality prediction 
and diagnosing geriatric syndromes such as delirium.32,33,44

Benefits – Clinical Practice
EMRs offer numerous advantages, including comprehensive medical records, improved communication with healthcare 
providers, remote data access, and quick retrieval of test results and personal records (Figure 2). This leads to increased 
efficiency, enhanced patient safety, improved adherence to guidelines, reduced medication errors, and improved quality 
of care in gerontology, with benefits such as decreased medication use, better patient history taking and physical 
examination assessments and improved documentation of the patient’s condition.5,51–53

Family physicians can be more effective in managing dementia treatment by having care guidelines that are integrated 
within EMRs and they can thus also better meet the needs of the caregiver and patient.20 Hospital EMRs can be useful in 
evaluating outpatient prescriptions54 and facilitate the care of dementia patients with pain complaints.55 The introduction 
of EMRs in nursing homes has improved communication between providers, consultants, the hospital and nursing home 
staff.56 The use of EMRs can also be useful when it comes to monitoring trends including estimates of diagnosis rates 
(underdiagnosis vs overdiagnosis), prescribing and hospital admissions.57 Routine data can provide valuable insights into 
the performance of clinical services compared to benchmarks, informing quality improvement projects at the regional 
level and guiding service design and policy changes at the national level.12,58

The use of EMRs can be beneficial in areas such as documentation, care co-ordination, patient engagement, 
automation, checklists, next-step guidance, avoidance of redundancy, and expanded differential diagnoses.12,59 

Research data indicate that the use of EMRs improves performance on various quality indicators compared to practices 
that use paper documentation. However, it is important to emphasize that post-improvement quality requires more than 
just an electronic record.60 EMRs can be useful in improving the measurement and analysis of clinical performance 
metrics, assuming the system is properly configured, data fields are accurately populated, and the software application is 
sophisticated enough to support the measurement and reporting process.9 Computerized systems integrated with EMRs, 
such as those for identifying drug interactions and providing clinical decision support, hold promise for improving patient 
care and safety.61

Considerations and Challenges – Research
The use of EMRs allows for the analysis of large amounts of healthcare data, which can be valuable for epidemiological research, 
such as studying hospitalization trends at population level.62 However, evaluations of these data may cause problems (Figure 2). 
Typical medical research methodology often involves redundant data entry into EMRs in healthcare and research. The appropriate 
data transcription that this methodology requires increases the burden on clinical researchers and practitioners.19

AI and ML have shown promise in interpreting medical images for radiographs, CT scans, skin and retinal images.8,63 

However, insufficient evidence exists for successful implementation of ML and deep learning in clinical care, raising concerns 
about safety, data quality and ethical considerations.8,64–66 ML methods require a large amount of data to train; data preprocessing 
is another challenge, as dealing with missing values and improving quality (eg, improving image quality is very labor-intensive).4 

It is also important to consider the potential errors that may arise when using ML algorithms.8 Although a human EMR user can 
manually exclude erroneous values when checking trends, most automated analyses cannot do so, which can distort averages or 
undermine the validity of records of specific parameters (eg, body weight).67 Important information (eg, the dose of a particular 
drug) may be missed from the collected data due to lack of routine recording. Some conditions may not be routinely recorded in 
clinical care (eg, physical disabilities) or may be recorded insufficiently (eg, dementia); omission or insufficient counting of such 
information in studies may lead to incorrect conclusions. In addition, routinely collected data may contain information relevant to 
clinical or administrative but not research purpose.12 Concerns about AI are greater than before, which is related to the colloquial 
expression “garbage in, garbage out” which is used to refer to the poor performance of ML models when the data they learn from is 
low quality.14,68 Recent analyses show that the tools used to construct algorithms may tend to exclude the interests and values of 
older people and contribute to reinforcing ageism.69 A recent World Health Organization (WHO) paper titled “Ageism in artificial 
intelligence for health” examines the use of AI in medicine and public health in relation to older people, including conditions under 
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which AI may exacerbate or introduce new forms of ageism.70 The MIT AGELAB report found that despite an optimistic outlook 
on the capabilities of AI systems, experts interviewed about the benefits of AI for the aging population were least confident in AI’s 
ability to provide more equitable access to health care. They pointed out that any system that replaces humans with an algorithm 
has the potential to make erroneous decisions that could jeopardize human health. It is increasingly indicated that AI in medicine is 
viewed too optimistically about the technology’s potential to prevent or treat disease.14 There are only a few certified and even 
fewer clinically validated tools available in clinical settings. Hence, many experts suggest caution in estimating the real effects of 
this technology on the future of health care for older adults.14

In the field of geriatrics, few studies have compared ML approaches with previously used statistical methods.33 

A study by Park et al found that the predictive performance of ML techniques (random forest and support vector 
machines) was superior to logistic regression in predicting Alzheimer’s dementia.71 A study by Ford et al observed 
similar performance of ML techniques (random forest, naive Bayes classifier and logistic regression) in dementia 
classification.72 ML demonstrates superior accuracy compared to statistical methods in predicting various adverse 
outcomes in older adults, such as acute kidney injury,73 functional fall risk,74 delirium,75 and overall risk of emergency 
admission.76 These ML algorithms hold the potential to provide a more comprehensive and precise assessment of aging 
effects, physical illnesses, and fall risk in older populations, enabling earlier intervention for those at the highest risk. 
This area, however, requires further empirical verification.10,14

Considerations – Clinical Practice
The widespread adoption of EMRs in the late 20th century faced challenges such as high costs, data entry errors, and 
initial resistance from physicians (Figure 1). During transitional periods of EMRs implementation, discrepancies between 
paper and electronic documentation can arise, potentially affecting patient care quality and necessitating audits.77

While the introduction of EMRs aimed to improve clinical practice, simplify quality assurance, and enhance data collection, 
some goals have not been fully met. Issues like data duplication, difficulty in extracting relevant information, and delayed entry of 
notes into EMRs have been reported (and many clinicians do not believe that EMRs save time).7,61,78 Despite positive impacts on 
clinical processes, such as improved assistance and health parameter monitoring, there are mixed findings regarding EMRs’ 
association with healthcare quality improvement and physician satisfaction.2

EMRs and Medical Staff
Although a review of studies on the use of EMRs in geriatrics indicates that the use of EMRs had a positive impact on clinical 
processes (including improved assistance, fall detection, and monitoring of health parameters), it should be noted that other 
indicators were less frequently evaluated. Results were generally positive, except for physician satisfaction.2 A systematic review 
showed that in most studies (3/4; 75%), EMRs were not consistent with current values, professional practices, and the needs of 
patients and clinicians.2 EMRs were found to be easy to use in only half of the studies (3/6; 50%). In terms of implementation, half 
of the studies negatively evaluated the ability to try/test them (3/6; 50%).2

Previous research has overlooked the variation in effects of different implementation sequences of EMRs on medical 
personnel behavior, data recording timing, and import process complexity. Additionally, there is inconsistent evidence on 
the association between EMRs implementation and healthcare quality improvements, especially across different hospital 
levels.79 Effective collaboration in modern, team-based healthcare requires designing and implementing EMRs systems 
that consider the capabilities and limitations of all team members.3

The expansion of time spent with EMRs has correlated with a dramatic decrease in clinicians’ time spent at the 
bedside, an increase in computer-assisted work, and rising rates of burnout.80 In the case of EMRs, some of the words in 
the description are duplicated from previous documentation.81 Card review, electronic distractions like clinical decision 
support alerts, and messages from other staff members can further exacerbate clinicians’ fatigue, increasing errors in 
patient care and causing professional burnout.82 Data showed that physicians spend about two-thirds of their work time 
interacting with EMRs in their offices.83 The imposition of technology onto clinical workflows has created challenges for 
healthcare professionals, who perceive a lack of meaningful impact on patient care despite the effort invested in data 
entry.3 For this reason, more and more facilities are hiring medical assistants to help navigate the EMRs. Assigning 
EMR-related work to other team members can allow physicians to focus more on diagnosis, treatment, and building 
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relationships with patients.11 The Covid-19 pandemic has only exacerbated the digital work of clinicians, including 
increased use of telemedicine, increasing patient messaging.84

In the context of EMRs, it is important to tailor them to the user and educate the user on how to use EMRs.85,86 It is necessary to 
find a balance between a state of information overload and appropriate (and helpful) information.87 Reports considering the use of 
EMRs increasingly specify recommended strategies to help transform technology from a tool that captures information to one that 
generates knowledge useful in guiding and supporting patient care. Such coordination requires that health professionals receive 
training in the use of information technology.88 Physicians are often optimistic about the future benefits of EMRs but are frustrated 
by unintuitive and multiclickable interfaces and cumbersome data retrieval in existing EMRs.89 The procedure for extracting 
specific information from large amounts of data is still tedious and time-consuming.4 While physician satisfaction with EMR 
technology is generally positive, the transition to electronic records has had a negative impact on clinician wellness. In the absence 
of physicians during EMRs implementation meetings, the burden of regulatory requirements was shifted back to them, 
exacerbating the already burdensome “click” workload.2,3 This highlights the need for better alignment between technology 
and clinical workflow to alleviate physician burden and improve efficiency. Other studies indicate that EMRs implementation may 
lead to reduced communication between medical staff (eg, physician - nurse), potentially negatively affecting patient care and 
increasing the likelihood of incomplete documentation.61

The findings confirm that there is no one-size-fits-all solution. Clinicians and healthcare managers need to carefully 
select the type of EMRs that will be most appropriate based on the needs of their organization and clients.90 While 
choosing the right software seems essential, it is also important to fit it into the overall organizational system.91 If EMRs 
are difficult to use (eg, too many reminders or excessive information complexity), they can create barriers to their use.11

Ethical Concerns
The use of EMR raises the risk of potential breaches in patient confidentiality, highlighting ethical concerns related to data control, 
ownership, accountability, informed consent, and security in EMRs implementation.7,12,92 These concerns may be greater if the 
patient has cognitive impairment. European Union regulations emphasize the need for unambiguous consent, clear information 
about withdrawal of consent, and pseudonymization of routine data to ensure secure separation from additional identifying 
information.93 Institutions must also review datasets to mitigate the risk of disclosure, while researchers involved in data analysis 
are increasingly required to undergo accredited training in appropriate data storage practices.12

The need for standardized EMRs data is being recognized, encompassing areas, such as population data, decision 
support, and data exchange.7 The lack of interoperability protocols among different EMRs systems hampers information 
exchange among healthcare professionals, while the presence of diverse EMRs systems and mixed electronic-paper 
environments limits the full potential of EMRs for collaboration and care coordination. National and regional regulations 
are necessary to establish EMRs interoperability standards.9 Efforts are underway to interconnect shared healthcare 
records and standardize terminology and representation across data systems.12

The Older Patients as the EMRs Recipients
The widespread use of EMRs by hospitals is creating opportunities for patients to access clinical data and actively participate in 
their care through the EMRs.12 The increase in the implementation of patient portals is due in part to some preliminary evidence 
that they can improve patient engagement and health outcomes (including medication adherence).6 Patient-accessible electronic 
health records (PAEHRs) are being implemented around the world.6,94 Although the older patients may feel resistance to digital 
technology, they benefit from the services of the system, which is based on EMRs.95 With the increasing aging and digitization of 
societies, the needs of the older adult population in terms of using health-related information systems are being taken into 
account.96,97 Among the solutions used, an online health record available to the patient and family has been introduced (it has been 
suggested that such a solution could become a useful tool for sharing health information), and patients have been monitored for the 
long-term impact of PAEHRs on their communication with health care professionals and engagement in the care process.98 

Nurgalieva et al analyzed patients’ views on sharing their health data through PAEHRs and found that older patients and patients 
with lower levels of education were more likely to share their data.99 Eriksson-Backa et al evaluated older adults’ experiences of 
using the PAEHR portal and other electronic health services and found that improvements in security, usability, and additional 
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information and features could increase effective use.100 Another study found that patient-provider collaboration promotes the use 
of apps dedicated to older adults and empowers them to lead healthy lifestyles.101

Future – Research
Technological advancements in geriatrics, necessitate the involvement of biomedical informatics specialists to leverage 
clinical data for improved patient care. The integration of electronic healthcare data, including genetic data and wearable 
technology, offers opportunities for personalized healthcare, but challenges, such as data complexity and ethical 
considerations must be addressed.8,12,49,102 Careful consideration of data representativeness and potential biases is 
crucial when utilizing EMR databases for research purposes.21,103,104 Research questions on already diagnosed diseases 
(retrospective EMRs data) remain relatively new and involve significant methodological challenges. Developing research 
questions that can be answered with routine EMRs data should be done in a dialogic format and with an interdisciplinary 
team (data analysts, clinicians and social care professionals). An example is the Ageing Data Research Collaborative 
(@geridata),12 which was created for mutual collaboration among researchers to develop pre-analytic protocols, code 
lists for conditions relevant to geriatric medicine and gerontology, data coding and analysis.105

AI and ML have the potential to simplify and accelerate clinical trials through more efficient recruitment and matching of 
study participants and more comprehensive data analysis.8 In addition, it is possible to create synthetic control groups by matching 
historical data to target criteria for a given study. It seems possible that AI could generate “synthetic patients” to simulate 
diagnostic or therapeutic outcomes. AI and ML could also be used to better predict and understand possible adverse events.8,106,107 

The demand for continuous monitoring and timely diagnosis in geriatric care drives the adoption of technological solutions for 
efficient, personalized, and cost-effective healthcare. The ability to share and utilize data for generating knowledge has the 
potential to significantly improve healthcare in the geriatric field. The integration of AI and ML algorithms as clinical tools could 
aid in accurate diagnosis by analyzing vast amounts of clinical, genomic, metabolic, and environmental data, potentially serving as 
a physician’s personal scribe and optimizing time spent with patients.8,12 However, healthcare professionals should critically 
evaluate the proposals offered, integrate ML into multidisciplinary meetings, and additionally learn new skills in statistics and 
programming to help develop clinical algorithms and evaluate them in routine clinical practice.10 Currently, international efforts 
are being made to regulate AI, guidelines are being developed, and policy recommendations are being made on aspects of fairness, 
accountability, transparency to meet the reliability criteria for AI systems (eg, the European Artificial Intelligence Act). The 
outcome and implementation of these regulations, especially in the healthcare sector, will present additional challenges yet to 
come.14

Future – Clinical Practice
EMR safety concerns about both the technology and its use are likely to persist into the future.7 Infrastructure will need 
to be continually adapted to monitor and learn from adverse events and errors.108 Reducing documentation burden can 
improve clinical workflow. Adopting a digital minimalism framework can inspire critical analysis of the need for 
compliance and reimbursement documentation that makes the difference. Digital minimalism can be effective when 
used as a framework to guide the health system’s relationship with technology.11 The current approach focused on 
accepting each additional form of technology without considering the cumulative impact. While there is acknowledgment 
of the importance of incorporating social and behavioral determinants of health data into the EMRs, there is concern 
about the additional documentation burden it may impose on an already overwhelmed healthcare workforce.3 Change 
will never lead to a sustainable relationship with digital technology if the basic philosophy of technology use remains 
maximalist.11 EMR use is influenced by both physical (computers) and logical (ie, ease of use) accessibility. IT 
professionals should become part of healthcare teams, and new technologies should be tested through realistic and 
simulated environments for improvement before implementation into daily clinical practice.109,110 Research data indicate 
that in order to maximize success in the area of EMRs implementation, it is necessary to identify the best methods for 
integrating EMRs into clinicians’ routine workflows. Proper implementation of an electronic system requires education. 
It is important to provide timely support to staff, document problems with the system, and provide prompt feedback.2,7

It is also necessary to define the role of AI as a tool to assist rather than replace medical personnel.8 Adequate training and skill 
development are key to ensuring that medical personnel are able to effectively use advanced technologies to improve the quality of 
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care. Advancements in AI offer our healthcare system a choice: utilizing AI-based care to increase hourly revenue or leveraging 
AI-based care to free up time and empower physicians to provide more accurate and thoughtful patient care.111

As technology is integrated into healthcare practice, it is important to understand how technology shapes communication to 
identify changes in practice that may be warranted to ensure safe and effective patient care.61 Future research on communication 
should analyze not only how it is used, but also how it is optimized to achieve better outcomes for patients (effectiveness of various 
communication functions - information sharing, decision making, emotional support).9,112 The implementation of EMRs and AI 
in geriatric care offers benefits in managing patient information and facilitating communication, but it is crucial to ensure that the 
human factor and empathy in patient interactions are not compromised. Physicians should have sufficient time to spend with 
patients, providing personalized care, understanding and empathy. The human element in healthcare remains indispensable and 
should be considered alongside the integration of new technologies.8,11

Limitations
There is a notable imbalance in the literature, with more studies focusing on the diagnostic use of EMRs data and fewer 
examining the daily workflow and interdisciplinary teamwork in geriatric departments. However, this is our subjective 
impression and would need to be verified by a systematic review. Besides, it should be noted that the field of EMRs is 
very broad, and for future review articles, it would be beneficial to focus more on the specific thematic sections, such as 
diseases (ie, only dementia), ML algorithms, or technological issues related to the implementation and use of EMRs in 
daily clinical practice. Typically, publications that showed positive results dominated over those that showed negative 
results, and thus, some caution should also be exercised in evaluating studies on EMRs.

Conclusion
EMRs data generated during care of older patients can be used to support clinical research and quality improvement. The 
literature provides evidence for the use of EMRs in research and describes their impact on everyday clinical practice. In 
both areas, the use of EMRs presents opportunities as well as limitations that need to be addressed and further empirical 
verification. In answering the question of whether the advantages from the use of EMRs outweigh the limitations 
(Figure 2), it is important to keep in mind the individual perspective of the person who uses them (researcher, physician 
at the hospital, etc.). In this context, the scales may tilt in different directions. However, it seems important to look at 
EMRs from the perspective of a process (Figure 1) – a process that is still ongoing and that creates new opportunities.

An analysis of the literature has shown that this area lies at the intersection of medicine and informatics. Therefore, both in the 
area of improving daily clinical practice and in the implementation of scientific research, interdisciplinary teams are necessary.12 

Utilizing the experience of various professionals in using EMRs will be key to the successful implementation of appropriately 
designed medical information management technology. In the context of today’s healthcare, which relies on multiple profes-
sionals working as a team, the design and implementation of EMRs management systems must take into account the needs and 
opinions of all team members, rather than focusing solely on one professional group.3

EMRs are becoming more common around the world, fostering greater interoperability and facilitating the exchange 
of patient information between medical facilities, in line with the growing global trend toward integrated digital health 
systems. It should be noted, however, that access to EMRs can be hampered by varying regulations at the state and 
international levels, as well as differences in national laws. Medical institutions and government agencies are recognizing 
EMRs in shaping better healthcare models, however, there are still serious concerns about the privacy and security of this 
data. As EMRs become more widespread, procedural, social, ethical and compliance issues and data security have begun 
to be addressed in addition to purely technical aspects.7

Our goal was to assess the capabilities as well as the limitations of EMRs. Despite detailing the area of clinical 
research and daily clinical practice for the purpose of clarity in the article, EMRs bridge the gap between these areas. In 
the future, it may be useful to develop the development of core outcome sets that are relevant to older adults, as well as 
patient self-reported outcomes, in a way that can be implemented into daily routine clinical practice. Such initiatives 
would aim to incorporate the results of big data research into common medical practice, improve the quality of the data 
collected, and raise awareness of the potential of big data research in the design of health services. In addition, policy 
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maker engagement is key to increasing public awareness of the utility and uses of data to improve the quality of health 
care. This, in turn, is a key part of the contract of trust between the public and those who control access to health data.7,12
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