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Objective: Microbiology laboratories face increasing challenges related to rising sample volumes, workforce constraints, and the 
need for improved diagnostic accuracy and efficiency. Total Laboratory Automation (TLA) has emerged as a transformative solution to 
optimize workflows, enhance safety, and improve resource utilization. This study focuses on urine cultures and the follow-up of 
positive blood cultures and evaluates the impact of TLA implementation in a microbiology laboratory, assessing efficiency, economic 
sustainability, and healthcare professionals’ perceptions.
Methods: A Health Technology Assessment (HTA) approach was employed, integrating real-life data from a single-center hospital 
laboratory in Italy before and after TLA implementation. Key performance indicators (KPIs) were defined through a literature review 
and expert consensus. Real-life data were collected over two time periods: the pre-automation phase (manual workflow) and post- 
automation phase (TLA) for urine culture and positive blood culture. The economic and organizational impact was assessed by 
quantifying human resource efforts, while a qualitative survey captured healthcare professionals’ perceptions regarding automation.
Results: TLA significantly reduced sample processing times, with a 67% decrease in check-in time and a significant reduction in 
inoculation (up to 100%) and plate reading (−69%) times, respectively. Economic analysis indicated a 67% reduction in costs for 
personnel time required to process urine cultures and perform initial workups of positive blood cultures on annual basis with 
consequent organizational benefits, in terms of time spent in sample processing (−71%). Healthcare professionals reported improved 
safety and reduced workload, making them more inclined to adopt TLA, perceived as useful and capable to offer high-quality and 
demonstrable results.
Conclusion: Findings emphasize TLA potentialities in the management of microbiology procedures overall improvement, empower
ing the laboratory efficiency and organizational capacity, allowing better investment of the human resources involved.
Keywords: TLA, economic sustainability, organizational assessment, laboratory workflow optimization, automated diagnostic systems

Introduction
Diagnostic tests play a key role in healthcare, with approximately 70% of medical decisions relying on laboratory 
results,1 particularly guiding and optimizing the management of therapeutic interventions. Within this context, micro
biology laboratories are pivotal in detecting and identifying infectious agents, directly influencing patient management 
and infection control strategies.2 However, these laboratories are facing increasing operational challenges, including 
rising sample volumes, constrained budgets, and workforce shortages, thus requiring an overall workflow optimization to 
maintain productivity, while ensuring analytical quality.3

Clinical microbiology has depended on manual techniques, which, despite their reliability, are labor-intensive and 
increasingly unsustainable in high-throughput settings. The consolidation of diagnostic testing into centralized facilities 
has further exacerbated the need for efficiency. While laboratory automation has revolutionized areas such as clinical 
chemistry and hematology, its adoption in microbiology remains relatively recent.4 Total Laboratory Automation (TLA), 
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defined as “the automation of the diagnostic workflow, which includes all steps from inoculation to the final outcome”,5 

represents a significant advancement in microbiology setting, with the capability to automate and standardize a wide 
range of processes, including specimen processing, plate streaking, incubation, and digital visualization.6 In general 
terms, TLA minimizes manual intervention, reduces human error, and enhances turnaround times, with studies reporting 
up to a 87% reduction in processing errors and substantial organizational time savings.7–12 Beyond efficiency gains, 
automation enhances results standardization and quality control, with an overall optimization of the patients’ clinical 
pathways, minimizing reporting errors and misdiagnosis,13–15 thus also supporting timely therapeutic interventions.12

While evidence supporting TLA benefits is increasing, decisions regarding the adoption of such technologies cannot 
rely solely on clinical or technical performance indicators. Limited evidence is available concerning the practical 
implications of TLA implementation in Italian microbiology laboratories, demonstrating both the real-life added value 
in comparison to the manual methods, and the consequent economic and organizational sustainability. Additionally, 
understanding the perceptions of healthcare professionals towards these innovations is crucial for successful adoption, 
implementation and integration into routine practice.16,17

Contemporary Health Technology Assessment (HTA) frameworks emphasize the importance of a multidimensional 
evaluation approach, incorporating not only effectiveness and efficiency, but also organizational, economic, social, and ethical 
dimensions. This broader perspective is particularly relevant for complex healthcare technologies such as TLA, which require 
substantial organizational changes, workflow redesign, and significant initial investments. In such contexts, focusing 
exclusively on laboratory performance metrics may underestimate the overall value and implications of technology adoption. 
Instead, evaluating non-clinical domains—such as resource utilization, staff workload, safety, and user acceptance—becomes 
essential to fully capture the impact of automation on healthcare delivery. Based on these considerations, adopting an HTA 
approach allows for a comprehensive assessment of TLA implementation, supporting evidence-based decision-making and 
facilitating the alignment of technological innovation with healthcare system needs, particularly within the Italian context 
where resource allocation and organizational sustainability are key priorities.

The coverage of the above knowledge gaps in microbiology setting is particularly relevant, as rapid turnaround times 
are critical for the management of life-threatening infections, requiring continuous process optimization. Based on these 
premises, the present study aims to address these gaps by evaluating the real-world impact of TLA implementation in 
a single-center Italian setting, focusing on efficiency, safety, organizational and economic sustainability.

The analysis specifically focuses on urine cultures and the initial workup of positive blood cultures, selected for their 
high diagnostic relevance and frequency in microbiological testing. Urine cultures represent the most processed samples 
in microbiology laboratories and are essential for diagnosing urinary tract infections—one of the main drivers of 
antibiotic prescriptions.18 In contrast, blood cultures are critical for identifying bloodstream infections and sepsis, 
where prompt diagnosis can significantly influence patient outcomes.19

Due to their clinical significance and high testing volume, these sample types provide a robust basis for evaluating the 
impact of TLA.

Accordingly, the study addresses the following research questions.

● Research Question 1 - RQ1: “Could the implementation of laboratory automation systems in microbiology be 
a feasible and sustainable solution from efficiency, economic, organizational and safety standpoints, thereby 
enhancing the overall effectiveness of microbiology laboratory services?”

● Research Question 2 - RQ2: “What are the perceptions of healthcare professionals (in terms of perceived 
effectiveness, safety, social, equity and organizational issues), regarding the use of automated technologies in 
microbiology laboratory settings, and what are the key factors influencing their intention to adopt these innovative 
solutions within Italian clinical practice?”

By addressing these research questions, the study aims to provide a comprehensive and multidimensional understanding of TLA 
systems and their potential to improve multidisciplinary performance areas, as well as the economic and organizational 
sustainability of microbiology laboratories. Through this process, the study conducted offers valuable insights for both policy
makers and healthcare professionals, ultimately supporting decision-makers in the adoption of such innovative technologies.
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Materials and Methods
To achieve the study objectives, an HTA was performed using the AdHoPHTA framework as proposed by Sampietro- 
Colom et al20 This framework provided a structured approach for integrating diverse sources of evidence and reliable 
information to support hospital-based decision-making process regarding technology adoption and investment. The 
assessment encompassed both clinical and non-clinical dimensions, employing a combination of qualitative and quanti
tative methodologies to ensure a comprehensive analysis.

For the implementation of the HTA dimensions, a multi-method approach was employed. This methodology, widely 
recognized in healthcare services research, integrates both qualitative and quantitative techniques to enable a more 
comprehensive understanding of complex healthcare interventions.21,22

The study followed several phases. It began with a narrative literature review,23 which identified the key indicators 
used to assess performance in microbiology. These indicators were then organized into relevant categories and used to 
create a performance measurement dashboard aligned with the study’s objectives. After the validation of this dashboard, 
the study moved on to testing these indicators in a real-world setting—the microbiology laboratory at Di Venere 
Carbonara Hospital in Bari. This hospital was ideal for evaluating the current situation (“AS IS”) because it was 
transitioning from manual systems to full laboratory automation in 2023–2024.

Using the KPIs identified from the literature, the study assessed how automation affected efficiency, cost- 
effectiveness, and organizational sustainability in the microbiology laboratory at Di Venere Hospital—addressing 
Research Question 1 (RQ1). To explore Research Question 2 (RQ2), qualitative data was collected to understand how 
healthcare professionals perceived and accepted the new technology. In line with Health Technology Assessment (HTA) 
principles, feedback from staff involved in the transition from manual to automated systems was gathered between April 
and June 2024. The analysis followed the AdHopHTA model, covering areas such as clinical effectiveness, safety, 
financial impact, organizational changes, ethical and social aspects, and patient perspectives.

Figure 1 synthesizes the study design.
The study compared the following two operational scenarios (Figure 2).

1. Scenario 1 – Manual Workflow: the microbiology laboratory operated 6 hours per day, 6 days per week, 
processing an average of about 18,000 urine samples and about 5400 blood cultures per year coming from the 

Figure 1 Study Design.
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Di Venere Carbonara Hospital. The total test volume processed was about 46,000 per year. The laboratory was 
staffed by one clinical manager and two technicians. Urine samples were screened using a light scattering method, 
while positive blood cultures were processed using conventional techniques. The workflow included manual plate 
streaking, standard incubation systems, biochemical identification (ID) methods, and automated antimicrobial 
susceptibility testing (AST) instruments. No middleware system, directly connected to the LIS, was in place to 
integrate these processes and instruments.

2. Scenario 2 - Automated Workflow: the microbiology laboratory operated 12 hours per day, 7 days per week, processing 
an average of 80,400 urine cultures and about 20,000 blood cultures vials per year coming from 6 Hospitals and 32 
spokes. The total test volume processed was 365,000 per year. The laboratory was staffed by seven clinical managers 
and ten technicians. The workflow was supported by a comprehensive automation system, including full middleware 
integration, automated plate streaking using magnetic beads and calibrated pipette inoculation, automated incubation, 
and digital plate reading. Additional automation included colony picking and MALDI-TOF sample preparation. 
Microbial identification was performed using a middleware-connected MALDI-TOF system, and antimicrobial 
susceptibility testing (AST) was conducted using a middleware-connected automated instrument.

The Creation of the Key Performance Indicators Dashboard
The narrative literature review started with the identification of both the PICO (Population, Intervention, Comparator, 
Outcome) approach and the specific search strategy. The following PICO was used in the literature review process: P = 
“patient/population” = microbiological laboratory activities, focusing on blood and urine samples; I = “intervention” = 
presence of automated technologies, in terms of streaking, incubation, digital reading (assisted interpretation), colony 
picking and MALDI preparation, automatic ID method (biochemical/MALDI) and automatic AST instrument; C = 
“Comparator” = absence of automated technologies, in terms of manual streaking, conventional incubation system, 
automatic ID method (biochemical) and automatic AST instrument; O = “outcome” = primary outcomes = speed, quality, 
and accuracy of microbiological laboratory’s activities, timing of microbiological laboratory’s activities.

After the definition of the PICO, guiding the literature review, principal scientific databases were searched: PubMed, 
Embase and Cochrane Library. The main search terms used for the development of narrative literature review were the 
followings, thus also included synonyms or periphrasis: “total laboratory automation” or “laboratory automation” or 
“TLA” or “automation”, “microbiology” or “microbiology laboratory”, “TAT” or “turnaround time”, “TTR” or “time to 
report”, “inoculation”, “blood culture” and “urine culture”.

The narrative literature review was useful for the definition of a key-performance indicators (KPIs) dashboard, thus 
identifying the most important measurement aspects related to the introduction of innovative technologies in the 
microbiology laboratory. Based on the above, out of 552 records screened, only 7 papers were eligible to the present 
evaluation, for the creation of the performance tool, thus proposing a set of KPIs, concerning efficiency, and organiza
tional factors, all related to the introduction of innovative automated systems.

Figure 2 Comparison of manual and automated microbiology workflows. Manual and non-integrated steps are distinguished from fully automated end to end and 
middleware-integrated steps along the diagnostic process.
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The KPI dashboard involved six experts (lab healthcare professionals, managers from technology manufacturing 
companies and academics specialized in healthcare and performance measurement) in a brainstorming session based on 
a Delphi method24 to identify key priorities for assessing technology performance in a microbiology laboratory setting. 
Initially, the experts engaged in a brainstorming session to define the main features highlighted in the literature review, 
leading to the development of a preliminary performance measurement tool. This draft was then circulated among the 
experts, and a two-round Delphi method process was conducted, allowing the group to reach a strong consensus, thus 
validating the KPI to be measured.24

The specific dashboard of KPIs, useful to define the added value of TLA with respect to manual methods, is reported in Table 1.

Real-Life Data Collection
Anonymized and aggregated data were retrospectively extracted from the Laboratory Information System (LIS) and 
middleware to assess the real-world performance of innovative technologies in routine clinical practice through 
predefined KPIs. Time-based indicators were operationalized using standardized start and end timestamps derived 
from these systems, ensuring consistency and reproducibility across measurements.

Table 1 KPI Dashboard

KPI Definition of the Indicator Measurement of the Indicator Nature of 
the Indicator

Reference

1 Process start time and sample 
check-in

Time interval (minutes) between sample arrival in the laboratory and 
registration in the LIS

Efficiency [12,25,26]

2 Time to inoculation and 
incubation for urine cultures 

and blood cultures

Time interval (minutes) between sample registration in LIS and 
placement of inoculated plates into the incubation system, measured 

using LIS/middleware timestamps and direct observation

Efficiency [12,23,26]

3 Time to read the plates Hands-on time (minutes per sample) required for plate reading and 

interpretation, measured through direct observation and/or middleware 

timestamps

Efficiency [12,23,26]

4 Time to validate the results 

(urine and blood cultures, 
being positive or negative)

Time interval (minutes) between result availability and clinical validation 

in LIS, based on system timestamps

Efficiency [12,26,27]

5 ID process time Time interval (minutes/hours) between colony detection and completion 
of microbial identification (ID), derived from LIS/middleware timestamps

Efficiency [5,12,26,28]

6 Time to repeat the 
procedures with ID errors

Additional time required (minutes/hours) to repeat identification 
procedures due to errors, measured from LIS records and process 

tracking

Efficiency [5,12,26,28]

7 Time to report the samples 

(urine and blood cultures, 

being positive or negative)

Time interval (minutes) between result validation and final report 

release in LIS

Efficiency [5,12,26,28]

8 TAT to growth Time interval (hours) between sample registration and detection of 
microbial growth, based on incubation system/middleware timestamps

Efficiency [5,12,26,28]

9 TAT to growth + ID Time interval (hours) between sample registration and completion of 
microbial identification, based on LIS/middleware timestamps

Efficiency [5,12,26,28]

10 TAT to growth + ID + AST Total turnaround time (hours) from sample registration to completion of 
antimicrobial susceptibility testing (AST), derived from LIS/middleware 

timestamps

Efficiency [5,12,26,28]

11 Number of touch points 

during the shift

Number of manual interactions per sample (count), recorded through direct 

observation of workflow steps during a standard shift

Safety [23]
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All urine cultures and positive blood culture samples processed during the study periods were included in the 
analysis. Samples with incomplete or inconsistent timestamp data in the LIS or middleware systems were excluded. 
Additionally, records with missing key process variables required for KPI calculation were not considered in the final 
analysis. Data completeness was assessed prior to analysis. Missing observations were excluded on a case-by-case basis. 
Outliers were identified through data consistency checks and inspection of extreme values in process times; implausible 
values (eg, negative or excessively high time intervals due to system errors) were removed to ensure data reliability.

The analysis was stratified by timeframes corresponding to technological transitions within the hospital, comparing 
two scenarios: absence (Scenario 1) and presence (Scenario 2) of Total Laboratory Automation (TLA), under varying 
workload conditions. Scenario 1 reflects routine clinical practice during April–May 2023, prior to the implementation of 
automated solutions and a single hospital samples workload. Scenario 2 corresponds to May–June 2024, representing 
a period in which the technologies had been fully implemented, and the learning curve was stabilized when the workload 
changed with the acquisition of samples from 6 hospitals and 32 spokes consequent to territorial reorganization.

All analyses were conducted at the sample level, ensuring consistency between operational measurements and 
statistical comparisons.

The data collection was approved by LIUC University Research Ethical Committee (protocol number R13-23 dated 
7th July 2023).

Economic and Organisational Impact Assessment
The economic and organizational impact assessment focused exclusively on the costs associated with human resources 
involved in each phase of the microbiology workflow, specifically in the management of both urine and blood cultures. 
This approach was justified by the consistency in both the type and quantity of medical devices and consumables used 
across the two scenarios, thereby minimizing variability in material-related costs.

It is acknowledged that while this analysis excluded capital expenditure, the implementation of automated solutions 
would require an initial investment. The magnitude of such investment is highly variable and depends on institutional 
procurement strategies and tendering procedures. Therefore, capital costs were not included in the comparative analysis to 
preserve generalizability across different healthcare settings, given that structural barriers could influence the investment.

The analysis concentrated solely on human resource utilization, reflecting the differences in process phases between 
the manual (Scenario 1) and automated (Scenario 2) workflows. A Time-Driven Activity-Based Costing (TDABC) 
methodology was applied,29,30 enabling a detailed assessment of labor costs. Time spent by clinicians and technicians on 
each activity was quantified in minutes and monetized based on the Italian National Labor Contracts for each profes
sional category (on average equal to € 65,000 for a clinician and € 32,000 for a laboratory technician).31 This allowed for 
the calculation of a cost-per-minute rate for each healthcare professional, which was then used to allocate a cost to each 
activity based on the actual time invested.

Hands-on time was measured through direct observation of laboratory activities and validated using LIS and 
middleware timestamps when available. For each process phase, the time actively spent by healthcare professionals 
(clinicians or technicians) was recorded in minutes per sample. These measurements were standardized across repeated 
observations and averaged to obtain representative time estimates for each activity within both scenarios. The cost per 
each scenario was calculated considering clinician or technician cost per minutes (average 1.1€ and 0.38€, respectively) 
and specific roles in the process (eg manual step operated by technician and validation, reporting by clinician).

In Scenario 1, for managing urine cultures, a light scattering test was used to screen for positive or negative samples. 
If positive, the sample proceeded to manual biochemical identification and automated susceptibility testing. If negative: 
the result is assessed, validated by a clinician, and reported without a middleware connection.

However, in Scenario 2, the urine sample is processed directly by the BD Kiestra™ TLA solution with BD Synapsys 
Middleware, which automates all phases up to the digital reading phase. If positive, it proceeds to automated sample 
preparation for MALDI identification and then transferred to an automated instrument for sample preparation for 
susceptibility testing on BD Phoenix™ M50. If the digital growth inspection is negative, it’s validated by clinician 
and reported to the LIS.
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Focusing on blood cultures sample, in Scenario 1, the negative bottle was discarded from the incubator by technician, 
validated by a clinician, and reported to LIS. Positive bottle was manually inoculated, streaked on plates, and after colony 
growth, manually processed for biochemical identification and processed for automated susceptibility testing. Results 
were validated and reported to LIS by Clinician.

However, in Scenario 2, negative bottle is discarded from the incubator by technician and managed by the clinician 
through the Synapsys Middleware and directly reported as negative to the LIS. An aliquot of the positive blood culture is 
dispensed manually on plates and are then loaded in the automated system BD Kietra™ where streaking, incubation and 
digital reading takes place. The system also handles the preparation of the MALDI target. Identification is performed by 
MALDI TOF and susceptibility testing is performed by BD Phoenix™ M50, which is not physically connected to the TLA.

Hands-on time recorded in Scenario 1 was used to estimate the annual hands-on time and related FTE costs the lab 
would incur if the Scenario 2 workload were processed without TLA. The aim was to evaluate the economic and 
organizational impact of TLA implementation in terms of time and cost savings that could be reinvested.

Qualitative Questionnaire to Collect Healthcare Professionals’ Perceptions
A qualitative questionnaire was developed to evaluate healthcare professionals’ perceptions of Total Laboratory 
Automation (TLA). The questionnaire was based on a seven-point Likert scale ranging from –3 (strong negative impact) 
to +3 (strong positive impact), including a neutral midpoint (0), in line with the approach proposed in the literature 
evidence by Mitton et al.32

The questionnaire items were derived from established HTA framework,20 and covered multiple domains.
Additionally, the questionnaire assessed the intention to use TLA, recognizing that automation is often perceived as 

a disruptive innovation. Resistance to change among healthcare professionals can hinder adoption, despite potential 
efficiency gains. To explore this, the analysis incorporated variables from the Technology Acceptance Model 2 (TAM2), 
including perceived usefulness, ease of use, image, output quality, job relevance, and results demonstrability.33–38

The questionnaire (whose full version is available as Supplementary Material 1), was administered to selected 
healthcare professionals and designed to capture comparative perceptions between the pre-automation phase 
(Scenario 1) and the post-automation phase (Scenario 2).

Statistical Analysis
Continuous variables were expressed as mean ± standard deviation (SD). Prior to inferential analysis, data were assessed 
for normality, linearity, and homoscedasticity using graphical methods and statistical tests.

Comparisons between the two scenarios (manual vs automated workflow) were performed to assess differences across 
efficiency, safety, organizational indicators, and HTA-related dimensions. For normally distributed variables, independent 
samples t-tests were applied. When distributional assumptions were not met, non-parametric alternatives (Mann–Whitney 
U-test) were considered. Results were structured according to the AdHopHTA framework, and mean values were 
calculated for each domain.

To explore factors influencing the acceptance and intended use of Total Laboratory Automation (TLA), a linear 
regression analysis based on the Technology Acceptance Model 2 (TAM2) was conducted. Independent variables 
included perceived usefulness, perceived ease of use, image, job relevance, output quality, and results demonstrability. 
A second model included the moderating effect of voluntary use on perceived usefulness.

Model performance was assessed using the adjusted R2, reflecting the proportion of variance explained. Given the 
limited sample size, regression results should be interpreted as exploratory.

Statistical significance was set at p < 0.05. All analyses were performed using IBM SPSS Statistics version 27.0.
In addition, a sensitivity analysis based on a Bayesian approach was performed to assess the robustness of the 

economic and organizational results. Bayesian methods provide a comprehensive framework for statistical inference and 
decision-making by incorporating variability in key parameters. In this study, Gamma distributions were assigned to 
time-related variables (hands-on time per sample) and corresponding labor costs, reflecting their positive and right- 
skewed nature. This approach allowed modeling uncertainty around the estimated effort required by healthcare profes
sionals in both scenarios. The analysis estimated the probability that the average cost and time associated with the 
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automated scenario (Scenario 2) were lower than those observed in the manual workflow (Scenario 1). This probabilistic 
comparison enabled a more robust assessment of the economic and organizational advantages of TLA implementation.

Results
Performance Measurement in the Microbiology Laboratory Setting
The assessment of KPIs within the hospital involved is shown in Table 2.

Based on real-life data collection and focusing on the specific difference between Scenario 1 and Scenario 2, TLA 
completely eliminates the inoculation hands-on time for urine cultures and reduces the time required for this activity by 72% 
for the initial work-up (plate inoculation) of positive blood cultures (p-value > 0.05), In addition, Scenario 2 is related to fewer 
minutes per sample spent to read the plates (2.4 vs 0.75 minutes; −69% with a p-value <0.05). Focusing on urine cultures, 
thanks to the presence of the middleware the time spent reading the plates (−69%) and the time to validate the results decrease 
by 86% for samples tested negative, and by 68% for samples tested positive, thus requiring an ID/AST follow-up. The same 
trend emerged for positive blood cultures, with a reduction equal to 75% with respect to the manual scenario. Time to 
Identification and Total TAT decrease by 53% and 50% respectively. Concerning the safety profile, Scenario 2 is also 
characterized by fewer plate touchpoints (p-value < 0.005), resulting in a reduced number of instances in which healthcare 
professionals need to handle plates that support the growth of potentially pathogenic organisms.

Table 2 KPI Measurement

KPI Scenario 1 Scenario 2 p-value Difference

Process start time and sample check-in 1.30 h, considering 

the overall samples

30 min, considering 

the overall samples

< 0.05 −67%

Inoculation time, including transport time to incubator, for urine culture, 

considering 2 plates [healthcare professional hands-on time]

3.6 min/sample 0 min/sample < 0.05 −100%

Inoculation time, including transport time to incubator, for blood 

culture, considering 3 plates [healthcare professional hands-on time]

3.6 min/sample 1 min/sample < 0.05 −72%

Reading plates time (screening) related to each sample [healthcare 

professional hands-on time]

2.4 min/sample 45 sec/sample < 0.05 −69%

% of positive blood cultures requiring re-subculturing 0% 0% Not 

applicable

Not 

applicable

% of positive urine cultures requiring re-subculturing 16% 4% < 0.05 −77%

Validation time for negative urine cultures and plate discard 3.6 min/sample 30 sec/sample < 0.05 −86%

Time required for validation and ordering ID AST for positive urine cultures 3.6 min/sample 50 sec/sample < 0.05 −68%

Time required for validation and ordering ID AST for positive urine cultures 4 min/sample 1 min/sample < 0.05 −75%

Time to growth detection for positive urine cultures 24h 18h + 30 min for 

check-in activity

< 0.05 −23%

Time to perform identification for positive urine cultures 16h 45 min < 0.05 −95%

Time to repeat the procedures with ID errors 24 h 30 min < 0.05 −98%

Time to identification for positive urine cultures [time to growth + ID time] 40h 19h < 0.05 −53%

Total TAT [time to growth + ID time + AST time] for urine cultures 72h 36h < 0.05 −50%

Number of touchpoints 6 2 < 0.05 −67%
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Economic and Organizational Impact
Table 3 depicts a detailed breakdown of process phases, revealing a substantial reduction in hands-on time required per 
sample in the automated scenario. For negative urine cultures, the overall process time decreased from 15.6 to 2.75 minutes 

Table 3 Organizational Effort in Managing Urine and Blood Cultures

Urine Culture – negative Scenario 1 Scenario 2 Difference (%)

Phase 1 – Lab Check-in [min] 3.00 0.50 −83%

Phase 2 – Inoculation [min] 3.60 0.00 −100%

Phase 3 – Growth Inspection screening [min]/Light scattering positivity report 2.40 0.75 −69%

Phase 4 – Assessment and validation [min] 3.60 0.50 −86%

Phase 5 – Reporting [min] 3.00 1.00 −67%

Total [min] 15.60 2.75 −82%

Total [Euro] 12.41 € 2.67 € −79%

Urine Culture - positive Scenario 1 Scenario 2 Difference (%)

Phase 1 – Lab Check-in [min] 3.00 0.50 −83%

Phase 2 – Inoculation [min] 3.60 0.00 −100%

Phase 3 – Growth Inspection screening [min] 2.40 0.75 −69%

Phase 4 – Assessment and validation [min] 3.60 0.83 −77%

Phase 5 - ID AST [min] 2.00 2.05 + 2%

Phase 6 – Reporting [min] 3.50 2.00 −43%

Total [min] 18.10 6.13 −66%

Total [Euro] 13.72 € 4.91 € −64%

Blood Culture - negative Scenario 1 Scenario 2 Difference (%)

Phase 1 – Lab Check-in [min] 3.00 0.50 −83%

Phase 2 – Assessment and validation [min] 3.00 3.00 0%

Phase 3 – Reporting [min] 3.00 3.00 0%

Total [min] 9.00 6.50 −28%

Total [Euro] 7.74 € 6.79 € −12%

Initial Blood culture positive work-up Scenario 1 Scenario 2 Difference (%)

Phase 1 – Lab Check-in [min] 3.00 0.50 −83%

Phase 2 – Inoculation [min] 3.60 1.00 −72%

Phase 3 – Growth Inspection screening [min] 2.40 0.75 −69%

Phase 4 – Assessment and validation [min] 4.00 1.00 −75%

Phase 5 - ID AST [min] 2.00 2.05 2%

Phase 6 – Reporting [min] 5.50 4.00 −27%

Total [min] 20.50 9.30 −55%

Total [euro] 16.36 € 7.67 € −53%
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(–82%), translating into a cost averted of 79%. For positive urine cultures, process time was cut by 66%, with 
a corresponding cost averted of 64%. Similar trends were observed for blood cultures: while negative samples showed 
a modest 12% hands on cost averted, positive samples yielded a significant 53% decrease in associated personnel costs.

The probabilistic analysis confirmed that the automated scenario (Scenario 2) was consistently associated with lower 
hands-on time compared to the manual workflow (Scenario 1). In particular, the probability that TLA required less time 
for the management of both urine and blood cultures—regardless of whether samples were positive or negative—was 
equal to 100%. These findings, illustrated in Figures 3 and 4, further support the robustness of the observed reductions in 
personnel effort associated with the implementation of TLA.

To assess the broader organizational impact, these per-sample savings were extrapolated over a 12-month period, 
considering the year 2024, assuming a workload of 80,400 urine cultures (30% positives) and 20,000 blood cultures vials 
(19.7% positives). As shown in Table 4, if the same volume of activities was performed without TLA implementation, 
25,664 working hours would have been required annually. This means that without TLA, as in Scenario 1, the laboratory 
would have needed about 60 working hours per day spent in hands on time to manage samples. Assuming a 6-hour shift, 
this would translate to about 10 full-time equivalents (FTEs) fully dedicated to these manual activities. Conversely, the 
transition to TLA reduced the annual workload to 7394 hours, corresponding to a 71% reduction in routine manual effort. 
This translates into the possibility to reinvest 67% of the personnel costs, toward more complex clinical tasks or 
addressing other organizational priorities, through a cost-opportunity approach.

Healthcare Professionals’ Perceptions
The qualitative questionnaire has been filled in by 9 healthcare professionals, currently using TLA in the microbiology 
setting. Healthcare professionals were equally distributed considering their professional role, being 56% clinical manager 
and 44% laboratory technician. In general terms, they have been working in laboratory hospital for 11.67±2.84 years, 
with an expertise within the current healthcare organization equal to 6.78±2.39.

Supplementary Table 1 depicts the healthcare professionals’ perceptions, comparing the investigated scenarios. TLA 
was perceived as significantly superior to manual methods, particularly in terms of safety (2.28 vs. 0.07, p-value= 0.007) 
and effectiveness (2.31 vs. 0.36, p-value= 0.002). Respondents reported a marked reduction in occupational exposure to 

Figure 3 Bayesian Gamma Distribution of Hands-on Time for Urine Cultures. Lower curves indicate reduced hands-on time required for urine cultures management.
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pathogens and fewer errors in sample processing, reporting, and traceability. While no significant differences were 
observed in equity, social, or legal dimensions (p-value > 0.05), automation was associated with improved laboratory 
accessibility (1.00 vs. 0.00, p-value= 0.026), shorter diagnostic waiting times (0.67 vs. –0.44, p-value = 0.033), and better 
compliance with safety standards (2.44 vs. 0.11, p-value = 0.001), including alignment with ISO15189 (1.78 vs. 0.22, 

Figure 4 Bayesian Gamma Distribution of Hands-on Time for Blood Cultures. Lower curves indicate reduced hands-on time required for blood cultures management.

Table 4 Time Spent and Economic Assessment for the Management of Samples Processed During a 12-Month Time 
Horizon, Considering Only the Human Resources’ Effort

Organisational Assessment of the  
Human Resources’ Effort [hours]

Scenario 1 
(manual scenario)

Scenario 2 
(automated scenario)

Difference (%)

Management of negative urine cultures 14,633 2,580 −82%

Management of positive urine cultures 7,276 2,464 −66%

Management of negative blood cultures 2,409 1,740 −28%

Management of positive blood cultures 1,346 611 −55%

Total 25,664 7,394 −71%

Economic assessment of the human resources’ effort Scenario 1 
(manual scenario)

Scenario 2 
(automated scenario)

Difference (%)

Management of negative urine cultures 698,322 € 149,986 € −79%

Management of positive urine cultures 330,878 € 118,357 € −64%

Management of negative blood cultures 124,304 € 109,047 € −12%

Management of positive blood cultures 64,451 € 30,236 € −53%

Total 1,217,955 € 407,626 € −67%
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p-value = 0.014). Organizationally, the first-year post-implementation required significant staff training and adaptation (– 
2.11 vs. 0.22, p-value < 0.001). However, TLA improved clinical pathways (p-value = 0.012) and interdepartmental 
connectivity (p-value = 0.008). Over a 36-month horizon, Scenario 2 (TLA) emerged as the preferred solution (1.15 vs. – 
0.05, p-value = 0.042).

Regression analysis (Table 5) identified key predictors of TLA adoption: perceived usefulness (β = 0.720, p = 0.038), 
result quality (β = 0.117, p = 0.023), and demonstrability (β = 0.613, p = 0.004). Conversely, viewing TLA as a status 
symbol negatively impacted adoption (β = –0.042, p = 0.028), indicating a preference for functional over symbolic 
benefits. These factors explained a large proportion of the variance (Adjusted R2 = 0.892), in the studied context, 
although results should be interpreted with caution due to the limited sample size.

Discussion
The results of the present study provide new evidence about the impact of automated technologies in microbiological 
laboratories, focusing on a range of dimensions including efficiency, economic benefits, social and ethical considerations, 
and organizational impacts. The findings underscore several key advantages of transitioning from manual to automated 
processes within microbiological labs, thus being important since innovative medical equipment is a crucial asset that 
substantially contributes to the effectiveness and healthcare services quality enhancement.39,40

The case study has demonstrated that automated systems are associated with significant improvements in operational 
efficiency, improving the speed of microbiological activities, with reductions observed in turnaround times and hands-on 
processing time. This efficiency not only accelerates diagnostic processes but also optimizes resource utilization, leading 
to sustained improvements in laboratory productivity, thus answering to RQ1. Real-life data collection from the Di 
Venere Hospital-Carbonara of Bari provided concrete evidence of these benefits. The implementation of TLA led to 
a substantial reduction in overall hands-on time required for microbiological processing of both blood and urine cultures. 
Notably, there was a significant decrease in redundant activities, such as repeat subcultures for identification purposes (– 
77%) and procedures repeated due to identification errors (–98%). These improvements may be explained by the higher 

Table 5 Regression Model Depicting Factors 
Impacting on TLA Acceptability and Intention 
to Use

Independent Variables Model

Perceived usefulness 0.720*

Perceived ease of use 0.282

Image −0.042*

Job relevance 0.476

Output Quality 0.117*

Results demonstrability 0.613*

Moderator

Perceived Usefulness x Voluntary use 0.237

R2 0.959

Adjusted R2 0.892

F value 14.201*

Δ R2 0.959

F (ΔR2) 14.201*

Note: *denotes a statistically significant difference.
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yield of discrete colonies, as previously reported,6,28 and the enhanced system integration enabled by middleware, which 
ensured comprehensive process management and sample traceability. From an organizational perspective, the reduction 
in TAT aligns with findings that automated systems streamline processes such as specimen processing, incubation, and 
result interpretation.25 These improvements highlight the substantial efficiency gains and the positive impact on work
flow processes that automation can deliver in real-world settings.

In addition, the study underlines the organizational advantages of automation, particularly in terms of reduced 
personnel time requirements across microbiology activities. The analysis showed a total of 18,279 manual working 
hours averted per year, primarily due to shorter turnaround times and streamlined workflows. This time saving was then 
economically valorized, allowing the estimation of a potential benefit of approximately €810,000 annually in terms of 
reduced human resource effort. However, it is important to note that this figure should not be interpreted as a direct 
financial saving, but rather as an opportunity cost advantage, which may vary depending on the specific organizational 
context.41 In practical terms, the time and resources saved through TLA implementation can be strategically reinvested in 
value-added activities. These may include enhanced clinical advisory services provided by microbiologists, expanded 
staff training and professional development, or increased laboratory throughput through additional testing capacity. The 
nature and impact of such reinvestments will vary across healthcare institutions, depending on their strategic objectives, 
workforce structure, and available resources. As such, the organizational benefits derived from TLA should be viewed as 
a flexible asset, the value of which depends on careful planning and alignment with local priorities and operational 
capabilities. The same preference towards automated solutions emerged in considering the healthcare professionals’ 
perceptions, answering the RQ2. In this view, automated systems were perceived by healthcare professionals as 
improving the reliability and consistency of pathogen identification processes.

This result aligns with findings from literature, such as the study by Jacot et al,22 which showed high identification 
performance particularly for gram-negative bacteria TLA was perceived to be safer than the manual processes, 
contributing to improved safety conditions for healthcare workers and laboratory processes, as also confirmed by 
literature.27 Professionals highlighted reduced exposure to biohazardous materials and a decrease in reporting, proces
sing, and traceability errors. These findings are supported by studies indicating that automation can decrease handling of 
biohazardous materials and reduce errors in laboratory processes.42 These advantages were also perceived as contributing 
to improvements in service quality:

This perception is consistent with literature suggesting that automation may support improved clinical workflows and 
timeliness.7,8

Moreover, TLA makes laboratory services more accessible to patients, increasing efficiency and capacity.1

Overall, the findings underscore that TLA is widely regarded as a transformative solution in microbiology labora
tories, with measurable benefits in terms of efficiency and workflow optimization, alongside perceived improvements in 
safety and process reliability.

While the transition to automation necessitates an initial investment in training and adaptation, the long-term gains in 
standardization, productivity, and laboratory performance reinforce its value as a sustainable and scalable innovation.9

Despite the positive findings, this study has some limitations that may affect the generalizability and interpretation of 
the results. First, the analysis is based on a single-center case study conducted in an Italian hospital involving a small 
sample size of healthcare professionals in the qualitative analysis, which may limit the applicability of the findings to 
other healthcare settings. Nevertheless, the KPI dashboard developed in this study could be adapted and scaled to other 
laboratories using their own real-world data. Moreover, although the limited sample size may constrain the statistical 
generalizability of perception-based findings, the objective—consistent with HTA principles—was to capture informed 
stakeholder perspectives through a co-design approach rather than to achieve statistical representativeness. All profes
sionals operating within the laboratory unit were included, ensuring completeness of experiential input. Second, the 
comparison between pre- and post-automation scenarios is influenced by differences beyond the implementation of TLA, 
including variations in workload, operating hours, staffing levels, and network expansion. These contextual changes may 
limit the ability to attribute observed differences exclusively to automation and should be considered when interpreting 
the results. Third, the relatively short duration of data collection restricts the ability to assess the long-term impacts and 
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sustainability of TLA. While the study captures initial and intermediate outcomes, it does not fully address long-term 
considerations such as system maintenance, evolving staff competencies, or sustained workflow efficiency.

Fourth, the economic evaluation primarily focuses on labor cost savings. Other potentially significant cost factors—such as 
expenses related to system upgrades, staff training, and unforeseen technical issues—were not comprehensively analyzed. 
These hidden or indirect costs could influence the overall cost of TLA over time. Additionally, the analysis focused on 
laboratory-level outcomes and efficiency measures and did not account for potential downstream effects at the hospital level, 
such as improved clinical decision-making, faster patient management, or broader system efficiency. Furthermore, some 
outcomes discussed—such as improvements in diagnostic accuracy or patient-related benefits—were not directly measured 
and should therefore be interpreted with caution, as perceived rather than objectively demonstrated effects.

These limitations highlight the need for further research, particularly longitudinal studies to comprehensively assess 
the long-term implications of TLA in clinical microbiology laboratories.

Conclusion
This study provides a multidimensional evaluation of TLA in a real-world microbiology setting, highlighting substantial 
improvements in workflow efficiency and resource utilization, including marked reductions in hands-on time and 
turnaround times. From an organizational perspective, these efficiency gains translate into a significant release of 
workforce capacity, allowing the potential reallocation of personnel effort toward higher-value clinical and organizational 
activities. These findings should be interpreted as opportunity cost advantages rather than direct financial savings.

In addition, healthcare professionals reported generally positive perceptions of TLA, particularly in terms of work
flow optimization and safety, although these findings should be considered exploratory due to the limited sample size.

The findings offer valuable insights for policymakers and healthcare professionals, emphasizing the need for 
interdisciplinary approaches in technology adoption. Beyond informing decision-making in healthcare planning, this 
study highlights the importance of collecting real-life data on safety, efficacy, and organizational impact to refine 
laboratory performance metrics.

Overall, the study supports the role of HTA as a valuable framework for capturing the multidimensional impact of complex 
healthcare technologies such as TLA, while highlighting the need for further research to strengthen the evidence base.

In conclusion, as healthcare systems continue to evolve, the integration of these technologies will be pivotal in 
enhancing laboratory operations, and achieving greater overall efficiency.
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