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Abstract 

An emerging trend in modern medical laboratories is automation, and it is having a positive impact on the quality 

of service to patients and on the safety of medical laboratory staff. The use of automation in medical laboratories 

enable many tests by analytical instruments with minimal use of an analyst. These automated instruments result 

in increasing the capabilities of a laboratory to process more workload with minimum involvement of manpower. 

Total Laboratory Automation (TLA) has many advantages including workload reduction, less time spent per 

sample, increased number of tests done in less time, use of a smaller sample amount, decreased risks for human 

errors, and higher reproducibility and accuracy. With the future practice of medical technologists in a 

technologically advanced future in peril. What edge do medical technologists have over Artificial Intelligence and 

Robotics that would still make them essential in medical laboratories in a future that is technologically advanced? 

 

Keywords: Laboratory Automation, Artificial Intelligence, Robotics, Medical Technologists, Medical Laboratory 

Scientists 

 

 

1. Introduction 

 

There has been rapid evolution of clinical laboratories since 1990s that is mainly driven by technological advances 

whose main focus is on automation(Burtis, 1995; Panteghini, 2004; Bajwa, 2014). Today, there is a consensus in 

the bioanalytical industry that automation in bioanalytical laboratories improves its function and productivity 

(Armbruster, Overcash and Reyes, 2014; Archetti et al., 2017; Ellison et al., 2018; Yeo and Ng, 2018; Lippi and 

Da Rin, 2019). Services of medical laboratories are an essential component of high-quality healthcare delivery and 

require adequate space and equipment so that high-quality work and safety of patients, visitors, customers, and 

staff are not compromised (Mosadeghrad, 2014; Carey et al., 2018). 

 



Asian Institute of Research               Journal of Health and Medical Sciences Vol.5, No.3, 2022 

 57  

Medical laboratories are potentially dangerous places due to biological hazards. Introducing automation results in 

a reduction of manipulation of biological sample by the staff, in particular transport of samples, subsampling, 

analytical operations, and waste management (Aita et al., 2017). In addition to reducing occupational hazards, 

automation reduces tedious labor, employee turnover, permits the reallocation of staff for expansion and growth, 

and generally improves productivity (Lippi & Da Rin, 2019).  

 

There is already a technological revolution happening in medical laboratories wherein machines have made tasks 

and procedures safer and more efficient (Thimbleby, 2013; Shah et al., 2019). With total automation of medical 

laboratories a distinct possibility in the near future and more and more tasks of medical technologists are being 

delegated to artificial intelligence and machines, the main question of this discussion paper is “would we still need 

medical technologists in medical laboratories in a technologically advanced future?” 

 

2. The Medical Technologist 

 

A medical technologist, also known as a clinical laboratory scientist or medical laboratory scientist, analyzes a 

variety of biological specimens (Tan and Ong, 2002; Ortiz and Hsiang, 2018). They are the third largest medical 

profession after doctors and nurses (Resources and Administration, 2016), their responsibility lies in the 

performance of scientific testing on samples and reporting the results to physicians. Medical laboratory scientists 

perform complex tests on samples from patients using sophisticated equipment like microscopes. The work of 

medical technologists play an important role in the identification and treatment of medical conditions (Hosogaya, 

2015; Ortiz and Hsiang, 2018). This type of analysis requires extensive knowledge of abnormal and normal 

physiology, ability to correlate laboratory data to specific diseases as well as extensive knowledge of 

instrumentation and individual test principles. It has been estimated that 70-80% of all decisions with regard to a 

patient’s diagnosis, hospital admission, treatment, and discharge are based on the results of the tests that are 

performed by the medical technologists (Ortiz and Hsiang, 2018). 

 

Medical Technologists work closely with other healthcare professionals in the diagnosis, monitoring of disease 

processes, as well as the monitoring of the effectiveness of therapy. Areas of medical laboratory training include 

chemistry, immunology, microbiology, hematology, toxicology, transfusion medicine, and molecular diagnostics 

(Bayot and Naidoo, 2020). Medical technologists have a wide variety of duties and responsibilities that includes: 

Examining and analyzing body fluids, blood, cells, and tissues; identify microorganisms capable of infection; 

analyze the chemical constituents of body fluids; measuring the efficacy of specific treatments by testing; 

evaluating test results for accuracy and aid in the interpretation to help physicians; cross matching blood for blood 

transfusions; monitoring patient outcomes; and establishing quality assurance programs that monitor and ensure 

the accuracy of test results (Wood, 2002; Hosogaya, 2015). 

 

3. Automation in Medical Laboratories 

 

Automation has a strong contribution to revolutionizing a host of human activities that results in the provision of 

unquestionable benefits on system performance (Archetti et al., 2017; Yeo and Ng, 2018). The multifaceted and 

abundant advancements of automation technologies have also resulted in a profound impact on the organization 

of medical laboratories, where many manual tasks have now been partially or completely replaced by labor-saving 

and automated instrumentation. Laboratory automation is commonly classified according to the sophistication of 

instruments integration (Da Rin, Zoppelletto and Lippi, 2016; Ellison et al., 2018; McAdam, 2018), which ranges 

from “no automation” which means all analyzers exist as stand-alone machines, “partial laboratory automation” 

which means there is the development of “automation islets” where laboratory analyzers are interconnected and 

are partially integrated with pre-analytical workstations such as in the serum work area which integrates clinical 

chemistry and immunochemistry testing, and “total laboratory automation (TLA)” which means that most 

analyzers performing different types of tests (such as immunochemistry, clinical chemistry, hemostasis, 

hematology, and others) on different sample matrices (serum, whole blood, citrated or heparinized plasma) are 

integrated physically as modular systems or connected by assembly lines (e.g. conveyer belts) (Lippi & Da Rin, 

2019). In TLA, various preanalytical and postanalytical steps (e.g. sample input, check-in, sorting, decapping, 

centrifugation, separation, aliquoting, sealing, and storage) are performed automatically in workstations that are 

physically connected with the analyzers and are managed efficiently by software programs.  
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4. Potential Advantages of Total Laboratory Automation 

 

4.1. Lower costs in the long term 

 

There is evidence that automation can successfully lower the costs of laboratory diagnostics (Archetti et al., 2017). 

The return on investment (ROI) is more appreciated more in the long term after reaching the “break-even point” 

when the high initial cost will be offset. The major economic revenue of automation comes from the merging of 

many diagnostic platforms within a consolidated system resulting in reduction of manual workforce needed for 

the management of high-volume testing (Ellison et al., 2018). 

 

4.2. Decreased congestion in the laboratory 

 

The decrease of personnel essential for the performance of tests would also result in lower staff congestion within 

the laboratory (Lippi & Da Rin, 2019). An optimized layout of integrated workstations would prevent the 

unnecessary movement from one workstation to another by staff resulting in minimizing the distance covered by 

personnel for the performance of multiple analyses on different instrumentation.  

 

4.3. Improved efficiency 

 

Other than benefits in cost-containment, automation also provides other advantages within the laboratory 

environment that is commonly attributable to the use of customizable assembly lines that can be organized to meet 

specific requirements and layouts of laboratories (Armbruster, Overcash and Reyes, 2014). Studies demonstrate 

that an efficiently designed automated laboratory may be variably effective in reducing turnaround time (TAT) 

and concomitantly improving laboratory productivity (Angeletti et al., 2015; Chung et al., 2018; Bhatt, Shrestha 

and Risal, 2019). These goals are achieved through workflow optimization. 

 

4.4. Improved sample management 

 

Information technology has drastically contributed to the improvement of medical laboratory organization and 

work (Carey et al., 2018; Sutton et al., 2020). Modern generation of laboratory instrumentation come equipped 

with advanced software programs (i.e. all samples can be stored within online stockyards that can be automatically 

retrieved and re-analyzed hours or days after initial testing) that allow better sample management (Lippi & Da 

Rin, 2019). Setting of decision rules that are based on a predefined criteria now permits auto verification of data, 

automatic re-analysis of samples with suspect or highly abnormal results, as well as a triggering reflex (reflective) 

and add-on testing that ultimately contributes to an improvement in the quality and safety of diagnostic testing 

(Rimac et al., 2018; Wu et al., 2018). 

 

4.5. Enhanced standardization for certification/accreditation  

 

The consolidation of different diagnostic areas within the same workspace would result in increased accuracy and 

repeatability throughout the entire testing process that has been enabled by automated operations. This in turn will 

grant paramount benefits in terms of standardization, thus resulting in the simplification of accreditation and 

certification procedures (Zima, 2017; Lippi and Da Rin, 2019). 

 

4.6. Improved quality of testing 

 

Automation allows delegating the bulk of manual ordinary activities such as specimen sorting, loading, 

centrifugation, decapping, aliquoting, and sealing from humans to machines (Zima, 2017; Yeo and Ng, 2018; Lippi 

and Da Rin, 2019). Improved process standardization will result in tangible benefits to the quality of the total 

testing process and also lowering the risk of diagnostic errors, especially errors that emerge from manually-

intensive activities (Yeo and Ng, 2018). 
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4.7. Lower sample volume 

 

One of the benefits of an automated medical laboratory is a reduction in the number of blood tubes needed for 

testing (David Hopper, 2016). The same serum tube can be used for multiple immunochemistry and clinical 

chemistry tests which allows to consistently reduce the total volume of blood required for testing. More 

importantly, a reduced sample volume will also result in a lower impact on biological waste disposal which results 

in additional economic savings (National Research Council, 2011). 

 

4.8. More efficient integration of tests results 

 

Consolidation of different diagnostic areas within the same space results in an improved ability to navigate and 

manage the flow of data from delivery, analytical, and archival systems (Tozzoli et al., 2015; Lippi and Da Rin, 

2019). Automation of medical laboratories enables the integration of a vast array of test results produced by 

different analyzers. This will not only enable the definition of a larger, more complex, and accurate auto-validation 

criteria, but would also enable laboratory personnel to gain a broader picture of the patient’s results, thus resulting 

in an improved ability to detect potential errors or identify critical situations that need immediate communication 

to clinicians (Lippi & Da Rin, 2019). 

 

4.9. Lower biological risk for operators 

 

Worker safety is one of the most significant advantages of automation. Automated systems not only remove human 

operators from the workplace, but also defends them against the risks of performing biologically hazardous 

operations and handling of materials that are biohazardous (Armbruster et al., 2014; Lippi & Da Rin, 2019).  

 

4.10. Staff Requalification and Job Satisfaction 

 

One of the major advantages of automation in medical laboratories is the minimization of manually-intensive labor 

that results in net saving of staff needed for the management of the laboratory workflow (Lippi & Da Rin, 2019) 

This will enable the requalification of personnel, elimination of manpower, and the redefinition of job roles 

towards value-added tasks such as implementation of new tests like genomics, proteomics, theranostics, or quality 

assessment that would ultimately lead towards personalized (laboratory) medicine. 

 

5. Potential Disadvantages of Total Laboratory Automation 

 

5.1. Higher costs in the short-term 

 

Association with an initial escalation of costs is inevitably related to the implementation of TLA because 

accommodating the project requires environmental modifications, heavy-duty air conditioners, and soundproofing 

for installation of the system and for the new hardware (Lippi & Da Rin, 2019) 

 

5.2. Increased costs for supplies (i.e. maintenance, energy, and supplies) 

 

The new hardware implementation that consists mainly of pre-analytical workstations, assembly lines, and sample 

storage units, carries subsidiary costs for system functioning (i.e. energy and water) and for supplies (e.g. caps for 

sealers and tips for aliquotters). TLA would require a higher level of maintenance compared with manually-

operated instrumentation (Lippi and Da Rin, 2019). 

 

5.3. Space requirement and infrastructure constraints 

 

The accommodation of multiple analyzers and new hardware into a pre-existing environment may be difficult, 

especially when the environment is not purpose-built for this reason. But an advantage of TLA are flexible models 

that may be used when the environment does not allow developing an ideal solution, when renewing possibilities 

are limited, the configuration of the TLA system can be designed to fit in the local environment, so that the 
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orientation of analyzers and access for repair or maintenance would be possible (Archetti et al., 2017; Lippi and 

Da Rin, 2019). 

 

5.4. Overcrowding of personnel 

 

An unquestionable benefit of the implementation of TLA is a reduction in the need for staff to move many times 

from one analyzer to another. A drawback of this is the consolidation of many different analyzers within the same 

area may increase the risk of the generation of overcrowded work environments, where many technicians occupy 

the same space at the same time (Lippi and Da Rin, 2019). To avoid this from happening, there is a need to develop 

an efficient plan that is aimed at identifying a lean laboratory layout concept. 

 

5.5. Increased generation of heat, noise, and vibrations 

 

The consolidation of numerous analyzers in an area will concentrate heat, noise, and vibrations in a narrow 

environment. This may result in the perception of excessive warming and increased exposure to acoustical or 

electrical noise in the work environment (Lippi and Da Rin, 2019).  

 

5.6. Increased risk of downtime 

 

The higher is the sophistication of the system, the greater the risk of a system failure that would generate serious 

consequences on laboratory functioning (Archetti et al., 2017; Lippi and Da Rin, 2019). Critical system failures 

that involve assembly lines would require restoring manual procedures for the management of samples (i.e. manual 

sorting, centrifugation, decapping, aliquoting, loading, and unloading). As a result, there is production of variably 

protracted downtimes, delaying analysis of specimens and prolonging the TAT (turnaround time).  

 

5.7. Psychological dependence on automation 

 

Replacement of manual activities with automation results in loss of locus-of-control in the staff, rapid deterioration 

of skills, and inefficient resumption of manual functioning when automation fails (Lippi and Da Rin, 2019).  

 

5.8. Differential requirements for sample management 

 

Different types of samples with different biological matrices (i.e. heparinized or citrated plasma, whole blood 

serum, etc.) can be introduced simultaneously into the system. This means that all samples may be managed the 

same way along their path to the analyzers but different biospecimens may need different preparations before 

being tested like EDTA-anticoagulated samples for hematologic testing that do not need centrifugation 

(Armbruster, Overcash and Reyes, 2014; Lippi and Da Rin, 2019). 

 

5.9. Generation of potential bottlenecks 

 

The optimal management of urgent testing is a critical issue in TLA. The larger the volume of routine testing, the 

higher the risk of the creation of bottlenecks that may reduce system productivity and TAT (Lippi and Da Rin, 

2019).  

 

5.10. Disruption of staff trained in specific technologies 

 

The development of the “core lab,” where a majority of laboratory staff will be committed, is a consequence of 

the consolidation of many different diagnostic areas. The larger the volume of knowledge requirement, the lower 

the competency of staff on specific technologies (Armbruster, Overcash and Reyes, 2014; Lippi and Da Rin, 2019). 

The enhancement of workforce flexibility may contribute to a decrease in competency and skills in specific tasks, 

most especially in laboratory services that are shifting towards TLA, where there is incorporation of several 

diagnostic lines (e.g. immunochemistry, clinical chemistry, coagulation, hematology, microbiology, and virology). 

Although automation and technology have made the performance of tasks much easier, some specific and practical 

skills may be lost over time. Overall, there is a limitation on the experience that laboratory specialists harvest on 
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a daily basis due to automation and this would potentially lead to decreased skills and expertise in analytical 

procedures (Armbruster, Overcash and Reyes, 2014; Archetti et al., 2017; Lippi and Da Rin, 2019). 

 

5.11. Risk of transition toward a manufacturer’s-driven laboratory 

 

The establishment of a strategic relationship with manufacturers and suppliers is essential for the achievement of 

an efficient TLA. This implies that the technology should be more accurately defined according to the expected 

laboratory layout. Full commitment to a single supplier or manufacturer paves a way to manufacturer’s-driven 

laboratory and this would substantially limit or even prevent laboratory professionals from organizing or managing 

their own laboratories (Lippi and Da Rin, 2019). 

 

Automation is considered as one of the most significant breakthroughs that have taken place in laboratory 

diagnostics over the past decades (Archetti et al., 2017; Yeo and Ng, 2018). The ability to connect multiple 

diagnostic specialties to one single track has been proven to enhance efficiency, organization, standardization, 

quality, and safety of laboratory testing, and also providing a substantial return of investment in the long term and 

enable the requalification of staff (Lippi and Da Rin, 2019). Technological breakthroughs happen at a growing 

rate and as a result, technology is revolutionizing human wellness and care. The structure and organization of the 

healthcare industry have been drastically changed by technological advancements (Thimbleby, 2013). But the 

ultimate question remains, are medical technologists still needed in medical laboratories in a technologically 

advanced future? Medical technologists should learn more about emerging technologies in the healthcare industry 

like what are the capabilities of these technologies, especially intelligent machines, and search for ways where 

they can use these technologies to complement the tasks they are performing daily.  

 

There are ways medical technologists are irreplaceable in the healthcare industry 

 

Healthcare will need humans in the future 

 

Artificial Intelligence (AI) will become routine in healthcare practice during the next 10-15 years (Jiang et al., 

2017; Buch, Ahmed and Maruthappu, 2018; Davenport and Kalakota, 2019). AI will transform what it means to 

be a healthcare provider: some tasks will disappear, while there will be additional tasks to the work routine. AI 

systems use deep and machine learning to analyze enormous amounts of data to generate predictions and 

recommend interventions. The advances in computing power have enabled the creation and cost-effective analysis 

of enormous datasets (Dunjko and Briegel, 2018; Kersting, 2018; Vollmer et al., 2020). Digital microscopy 

analysis influences machine-learning algorithms trained with the use of tens of thousands of specimen images. 

These algorithms can quickly, consistently, and accurately identify and classify cellular and particulate objects in 

serum, urine, or tissue samples and are able to handle high volumes of samples for analysis (Delahunt et al., 2015; 

Xing et al., 2018; Rai Dastidar and Ethirajan, 2020). 

 

AI is wholly dependent on data in its computation. A problem with this dependence is that AI is unable to verify 

the accuracy of the underlying data they are given (Cresswell, Cunningham-Burley and Sheikh, 2018; Kim et al., 

2019; Yang et al., 2020). AI assumes that the data they are given are perfectly accurate, reflect high quality, and 

are representative of excellent care and outcomes. An advantage of clinicians against AI is the capability of 

clinicians to make assumptions and care choices based on unstructured data (Dash et al., 2019; Hong et al., 2019; 

Palanisamy and Thirunavukarasu, 2019). Experienced medical technologists develop intuition that enables them 

to identify an abnormal finding even though the sample provided might look identical to normal findings. This 

gives experienced medical technologists an edge over AI because clinical judgment may not be well represented 

by data (Walton, 2018; Patel et al., 2019). 

 

Medical technologists also have a non-linear working method. Although data, measurements, and quantitative 

analytics are also important factors of a medical technologist’s work, the development of a diagnosis and 

developing a proper treatment regimen for patients are not linear processes and would require creativity and 

problem solving skills that robots and algorithms may never have (Kaartemo and Helkkula, 2018; Kelly et al., 

2019). The lifestyles of people vary to the degree that people differ. This feature also applies to diseases, which 

means no case is the same.  



Asian Institute of Research               Journal of Health and Medical Sciences Vol.5, No.3, 2022 

 62  

Another reason why medical laboratories will still need medical technologists in the future is the fact that complex 

digital technologies will require competent professionals (Groenier, Pieters and Miedema, 2017). Take for 

example, IBM’s Watson. It’s a unique AI for oncologists that is capable of providing clinicians evidence-based 

options. But a limitation of this technology is it is not capable of providing the best treatment option available for 

the patient and can only come up with potential suggestions (Lee et al., 2018; Liu et al., 2018). No robot or 

algorithm may be capable of incontrovertibly interpreting the complex, multi-layered analysis needed in 

determining the best treatment intervention for patients. While these technologies may be able to provide the data, 

the interpretation will always remain a territory for humans (Bader and Kaiser, 2019; Dear, 2019; Araujo et al., 

2020). 

 

And the final reason why medical technologists would still be needed in laboratories in the future is the fact that 

there will always be tasks that algorithms and robots can never complete (Ozawa et al., 1992; Royakkers and van 

Est, 2015; Kaartemo and Helkkula, 2018). There are responsibilities and duties which technologies cannot perform 

and would need the procedural expertise of humans to complete. Clinical laboratory testing plays a crucial role in 

the detection, diagnosis, and treatment of diseases. The Medical Technologists who perform most of these 

laboratory tests, are involved in the examination and analysis of body fluids, tissues, and cells. They usually look 

for the presence of bacteria, parasites and other microorganisms in the body. They analyze the chemical contents 

of fluids, match blood transfusions, and test for drug levels in the blood to show a patient’s response to a specific 

treatment. They also prepare specimens for examination, to count cells, and look for abnormal cells in the blood 

and other body fluids. Clinical laboratory scientists as they are called from other countries use microscopes, cell 

counters and other sophisticated laboratory equipment to confirm the findings of the machine. After testing and 

examining a specimen, laboratory scientists analyze the results and relay them to the attending physicians. In these 

instances, humans will always be faster, more reliable, or cheaper than technologies in these tasks.  

 

Collaborating with technologies 

 

It should not be humans vs. technologies since technological innovations will always serve to help people 

(Pohoryles and Tommasi, 2017; Edwards-Schachter, 2018; von Schomberg and Blok, 2019). It doesn’t matter if 

it’s AI or robotics, healthcare professionals must accept that these technologies have a massive influence on the 

way the healthcare system operates, and healthcare professionals must start utilizing their power. Collaboration 

between technology and humans should be the most suitable response (Thimbleby, 2013; Simoes, 2015; Mitchell 

and Kan, 2019). 

 

Medical technology is designed to improve the detection, diagnosis, and treatment, and monitoring of diseases. 

As such, it has linkages with many other disciplines for specific diagnostic or therapeutic purposes.  The use of 

sophisticated technology in medical laboratories isn’t a question of replacing but it’s a question of complementing. 

The role of AI in healthcare is to complement and not to replace people by delivering actionable intelligence to 

human experts (Kaartemo and Helkkula, 2018; Laï, Brian and Mamzer, 2020). AI could pave a way for the creation 

of a world where human abilities are amplified as technology processes, analyzes, and evaluates the abundance of 

data in the world today. This allows humans to spend more time engaged in creativity, high-level thinking, and 

decision-making (Loh, 2018; Reddy, 2018; Ahuja, 2019). The challenge now falls on how laboratories can 

successfully use sophisticated technologies in ways that enable their human workforce, aiding them to become 

faster, more efficient, and more productive. 

 

6. Conclusion 

 

Medical Technologists would still continue to be needed by growing as professionals, the more basic and routine 

tasks of laboratory testing will be delegated to machines and AI, while medical technologists attend to more 

complex issues that require creativity, high-level thinking, decision-making and tasks that require expert level 

procedural expertise. Essentially, as sophisticated technologies will not be able to replace medical technology 

practice, there is no need for medical technologists to feel anxious about the security of their employment. With 

the challenge of the increasing sophistication of technology, as long as medical technologists are willing to develop 

professionally and transform into more exceptional versions of the outstanding healthcare providers that they are 

today, human medical technologists will still prevail in a technologically advanced medical future. 
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