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Abstract: Despite the increasing utilization of lean practices and digital technologies (DTs) related
to Industry 4.0, the impact of such dual interventions on healthcare services remains unclear. This
study aims to assess the effects of those interventions and provide a comprehensive understanding of
their dynamics in healthcare settings. The methodology comprised a systematic review following the
PRISMA guidelines, searching for lean interventions supported by DTs. Previous studies reporting
outcomes related to patient health, patient flow, quality of care, and efficiency were included. Results
show that most of the improvement interventions relied on lean methodology followed by lean
combined with Six Sigma. The main supporting technologies were simulation and automation, while
emergency departments and laboratories were the main settings. Most interventions focus on patient
flow outcomes, reporting positive effects on outcomes related to access to service and utilization
of services, including reductions in turnaround time, length of stay, waiting time, and turnover
time. Notably, we found scarce outcomes regarding patient health, staff wellbeing, resource use,
and savings. This paper, the first to investigate the dual intervention of DTs with lean or lean–Six
Sigma in healthcare, summarizes the technical and organizational challenges associated with similar
interventions, encourages further research, and promotes practical applications.

Keywords: Healthcare 4.0; lean healthcare; automation; simulation; process improvement

1. Introduction

Improving healthcare quality and efficiency is a recurring challenge faced by health-
care services. Internal inefficiencies, such as poor patient flow and inadequate resource
utilization [1], may contribute to overcrowding and delays in care [2], affecting patient
and staff satisfaction, patient safety, and the overall quality of care [3,4]. To improve
healthcare quality and efficiency, healthcare providers have searched outside their sector
for guidance [5]. Several methodologies and techniques have been tested, most notably
lean healthcare (LH) and Six Sigma. LH has been a recurrent intervention for increasing
efficiency by reducing non-value-added activities, whereas Six Sigma is a methodology
focused on reducing variation in processes or services [6–14].

Improving efficiency and quality of care can be further enhanced by applying digital
technologies (DTs) offered by Industry 4.0. From replacing dry boards with computer-
ized patient-tracking systems in emergency departments (EDs) [15] to replacing human
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observers with wireless tags (real-time locating systems) for determining the location of
patients and staff [16], DTs benefit healthcare services. Healthcare 4.0 adapts applications
and principles from Industry 4.0 to healthcare settings, allowing traceability, real-time
visibility [17], and care customization to professionals and patients [18]. DTs of Health-
care 4.0 are varied, including telemedicine [19], machine learning [20], deep learning [21],
big data [22], automation [23], simulation [24], and blockchain [25], among others. Differ-
ent approaches to organizing DTs have been proposed, e.g., based on the extent of their
patient-centered integration and caregiver interaction [26], their roles and applicability
within the hospital [27], the solutions provided by each technology [28], the link between
DTs and service processes [29], or the main beneficiary [30]. The diversity of approaches
indicates that consensus is yet to be achieved on the bundles of DTs best suited for each
purpose [31]. In this regard, we have not identified the best bundles of DTs in the context
of LH interventions, which suggests a research gap to be bridged and gives rise to the first
research question:

RQ1. Which DTs support LH interventions?

LH interventions supported by DTs vary in purpose. They are reported in different
healthcare settings, e.g., using fuzzy logic to assess the leanness of a supply chain in health-
care [32], transforming an emergency department workflow combining LH, machine learning,
and simulation [20], or optimizing antibiotic administration through LH and automation [33].
Despite the increasing popularity and adoption of LH and DTs, there is concern regarding
implementation failures since not all organizations have experienced the same level of success.
For example, a case study by Moo-Young et al. [34] reported a decrease in patients’ length
of stay but no significant improvements in discharge order time and response time. Similar
cases with mixed results are found in the literature [33,35]. Different studies have addressed
LH’s barriers, benefits, and evolution [36–48]. Likewise, authors have identified factors that
might affect the implementation of DTs in healthcare, including contingency factors [49] and
enablers [50], whereas others aimed at tracking the progress, effects, barriers, limitations, and
context of DT implementations [18,30,31,51–54]. As a dual intervention, LH and DTs have
been studied mainly in manufacturing companies [55–58]; however, studies on DTs supporting
improvement interventions in healthcare such as LH and Six Sigma and the effects of such
interventions are not available. Based on these arguments, a second research question emerges:

RQ2. What are the effects of LH interventions supported by DTs on healthcare services?

To address the research questions above, we conducted a systematic review to organize,
classify, and summarize the literature on LH interventions supported by DTs. Despite the
number of studies reporting lean interventions, we did not find published studies focusing
on the dynamics of lean interventions in healthcare supported by digital technologies
associated with Industry 4.0. This is the first paper that investigates the effects of such
interventions on healthcare services and determines the technologies utilized, the types
of settings, and the challenges involved in the dual interventions. Hence, we believe our
results to be highly valuable for practitioners and researchers.

2. Theoretical Framework
2.1. Healthcare 4.0 Digital Technologies

Driven by the application of DTs offered by Industry 4.0, hospitals have accelerated
their digitalization across all settings and processes. The digitalization of healthcare is
known by various names, including smart health [59], e-health [60], Health 4.0 [30,61],
Care 4.0 [62], and Healthcare 4.0 [63–65], among others. Such digital transformation has
provided an increasingly supportive environment to improve efficiency and the quality
of care. In addition, the exponential growth of healthcare data is another major issue in
current healthcare information systems; thus, different DTs have been used to perform ana-
lytics, including descriptive, predictive, and prescriptive analytics, by using big data [66],
e.g., a big data application to provide information on the entire customer experience in
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healthcare [22]. Similarly, machine learning has been used to support the prediction of
patient characteristics, resource needs, treatment outcomes, and re-admission patterns [20].

In addition, due to the inherent complexity of healthcare systems, different simulation
modeling techniques have been used for a wide range of applications in healthcare [24,67].
Along with simulation, automation has also been increasingly used, e.g., an automated
dispensing cabinet used to administrate in a timely manner antibiotics for patients with
severe sepsis [33] or automated instrumentation to increase the effectiveness of urinalysis
tests [68]. Related to automation, robot systems have been used for ultraviolet disinfection
in hospital rooms to prevent environmental transmission of pathogens, thus improving
room turnover efficiency [69]. Additional DTs include an electronic patient-tracking system
simulator that combines a realistic model of ED with patient events, helping to assess the
situation awareness and workload of the ED staff [15]; sensors and digital counters for the
reduction of door movement during surgery [70]; and telemedicine, a technology that has
been used for several years but that experienced a significant increase due to the COVID-19
pandemic [19]. More applications of Healthcare 4.0 range from customization of implants
and digital hospitals, to virtual reality and treatment monitoring [71].

2.2. Lean Interventions

Lean is derived from the Toyota production system (TPS), a system originally used
to increase efficiency in manufacturing companies [72]. More recently, TPS has also been
identified as an effective strategy to lower costs and improve outcomes in the healthcare
sector [73]. The prevalence of LH permeates several healthcare services and specialties, e.g.,
intensive care units (ICUs) [6], cardiology [7], surgery [8], colonoscopy [74], pathology [9],
radiology [75], mental health [76], eye hospitals [10], and clinical laboratories [77]. LH
starts by reviewing a healthcare process to determine what is of value to the patient, i.e.,
activities that enhance healthcare quality and promote patient well-being towards a better
outcome [78]. Correspondingly, LH helps identify waste, i.e., anything other than the
minimum amount of equipment, space, or staff time essential to add value to a product
or service [79]. As a result, LH classifies activities into value-added (VA) or non-value-
added (NVA) [80]. Value-added activities contribute directly to patient needs, whereas
non-value-added activities take unnecessary time, space, or resources [80,81].

2.3. Main Outcomes

Health system interventions might include several outcomes to measure their effec-
tiveness. Commonly reported outcomes in LH or DT interventions include those sug-
gested by the EPOC group, whose categories are clustered into main and secondary out-
comes [82]. Within the former, patient outcomes is a category that includes the 30-day
mortality rate [6,33,83,84] and the readmission or revisits rate [6,83]. Outcomes related
to the utilization of services include the length of stay (LOS) [85,86] and discharge order
time [87,88]. Access to service outcomes include patient waiting time [78,89], boarding
time [3,87], and the number of patients who left without being seen (LWBS) [20]. Regarding
resource use, turnaround time [68,90], turnover time [69], and on-time starts [91–93] are
common outcomes in the literature. Among the secondary outcomes, patient, staff, and
stakeholder satisfaction are indicators commonly measured [82].

As previously reported [94], patient flow, i.e., the movement of patients through care
settings [95], is a common focus of attention when it comes to efficiency for both LH
and DT interventions. However, patient flow might be impacted by different outcomes,
including the waiting time of a patient to be seen by a healthcare professional, the LOS
once the patient has been seen, the turnover or turnaround time, and even the boarding
time. Our research aims to review the effect of LH and DT interventions on healthcare
services, including the patient flow and the outcomes suggested by the EPOC group [82].
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3. Materials and Methods

A systematic review was performed based on the PRISMA guidelines [96–98] and
the Cochrane Handbook [99]. The protocol was registered on PROSPERO (International
Prospective Register of Systematic Reviews; Ref CRD42021244192). The components and
phases of the systematic review are shown in the PRISMA checklist (see Table S1 of the
Supplementary Materials) and the flowchart (see Figure 1), respectively. The methodology
followed is discussed in the following subsections.
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3.1. Search Strategy

Five databases were used to search studies: PubMed-Medline, Ebsco, The Cochrane
Library, CINAHL, and Web of Science. Additionally, we used ProQuest and Google
Scholar to search grey literature. To develop the search strategy (see Table S2 of the
Supplementary Materials), a pilot search was conducted following the Peer Review of
Electronic Search Strategies (PRESS) [100] and the guidelines proposed by the Effective
Practice and Organisation of Care (EPOC) group [82]. In addition, we used terms associated
with the PICOS elements (population, intervention, comparator, outcome, and study
design). In order to follow up on the progress of LH and DT interventions, studies published
in English up to June 2022 were searched. Identifying relevant supplemental literature was
completed by reviewing the references from the acquired studies.
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3.2. Selection of Studies

Controlled before–after (CBA) studies and randomized controlled trials (RCTs) were
included. Additionally, case-control, pre-post, and cohort studies were included to gen-
eralize the effect of the interventions. We included studies carried out in healthcare units
applying the intervention to inpatient and outpatient care, including primary to quater-
nary care within the public or private sector. Included interventions took place in one or
more departments.

We selected studies addressing LH interventions (i.e., lean system, lean thinking, or
Toyota production system) and LH-related tools and principles. DTs used by healthcare
organizations to manage healthcare delivery included technologies related to Industry
4.0 and those explicitly mentioning the adoption of Healthcare 4.0. They encompass the
IoT, artificial intelligence, big data, cloud computing, fog or mobile computing, virtual
and augmented reality, robotics, remote sensing, 3D printing, automation, simulation,
open-source software, and blockchain.

As identified in previous systematic reviews of LH interventions [94,101,102], we
searched for studies reporting main outcomes related to patient flow, such as those de-
scribed as utilization or access to services by the Cochrane EPOC Group [82]. However,
to expand our findings, we also searched for studies reporting quality of care and patient
outcomes [82]. Utilization of services outcomes included (i) length of stay (LOS) for outpa-
tient, measured as the time a patient goes from admission to discharge; (ii) length of stay
for inpatients (the time from occupying a bed until the time of discharge from the hospital);
(iii) turnover time (TOT), the time between the departure of one patient and the arrival
of the next one; and (iv) turnaround time (TAT), the time from completing one procedure
or service to the beginning of a subsequent procedure or service. Outcomes related to
access to services included (i) boarding time, measured as the interval elapsed between the
admission decision and the assignment of a hospital bed; (ii) waiting time, the time spent
waiting for a consultation completed by a health professional; (iii) number of individuals
who left without being seen (LWBS); and (iv) the waiting time for an appointment. For
patient outcomes, we searched for those related to health status, such as mortality rate. We
searched for quality of care: (i) readmission rate, measured as the percentage of patients
who experienced unplanned readmissions to a hospital after a previous hospital stay, and
(ii) adherence to recommended guidelines or practices. Changes in patient satisfaction and
staff satisfaction were searched as secondary outcomes, measured as an average satisfaction
score. We included satisfaction data gathered using validated instruments such as the
Patient Satisfaction Questionnaire (PSQ-III), the HCAHPS survey [103], and the Picker
Patient Experience Questionnaire (PPE-15).

3.3. Data Extraction, Synthesis, and Risk of Bias

Two reviewers screened each study independently in regard to title, abstract, and
keywords to identify its contribution and research context to consider it for an in-depth eval-
uation. The percentage of disagreement was around 10% and was resolved by consensus.
The complete text of pertinent studies was then evaluated by two reviewers concerning the
inclusion/exclusion criteria. A third reviewer evaluated studies for which a consensus was
not reached (around 5% of the cases). One reviewer extracted data from articles, and then
the second reviewer checked the data. The extracted data included the study’s location,
setting, duration, aims, design, population, intervention, and control conditions, among
other relevant study characteristics reported in similar studies [94,101]. The screening,
evaluation, and extraction activities were performed manually, using reference manager
software and a spreadsheet. Finally, all data were tabulated utilizing standardized forms.
Due to the heterogeneity in the studies and the lack of RCTs, results could not be pooled to
perform a meta-analysis. Instead, we conducted a descriptive synthesis of the results, fol-
lowing similar approaches [43,44,48], and summarized the findings of the main outcomes
by utilizing the reported effect measures in each study (percentages, medians, and means).
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The majority of the studies included were observational. Therefore, the risk of bias
was assessed by employing Cochrane’s tool ROBINS-I (Risk Of Bias In Non-randomized
Studies of Interventions) [104,105]. The judgment criteria comprised seven bias domains
with five levels (low, moderate, serious, critical, and no information) [104]. To reach an
overall judgment of the risk of bias, two reviewers independently evaluated each study
following the ROBINS-I algorithm; consensus was obtained through a third reviewer’s
assessment when a difference persisted.

4. Results

The search in the databases yielded 4052 titles. After removing duplicates, opinion
papers, and abstracts, 1015 studies remained for the screening. Then, 813 studies were
removed after applying the criteria for exclusion, leaving 202 possible studies submitted
for eligibility. During the full-text review stage, 174 studies were eliminated based on
the criteria in Table 1. In this review, 28 studies were considered. Figure 1 depicts the
identification, screening, and inclusion process. In addition, Table S3 of the supplementary
material provides an extended summary of findings. EDs are the most recurrent setting
for interventions, appearing in 10 studies, followed by laboratories (5 studies) and oper-
ating rooms (5 studies). The United States is the country where more interventions took
place (17 studies), which is consistent with previous studies reviewing only LH interven-
tions [94,101] and a survey documenting LH and similar interventions in 70% of American
hospitals [106].

Table 1. Systematic review framework.

Process Criteria Description

Search strategy
Data sources • PubMed-Medline, Ebsco, The Cochrane Library, CINAHL, Web of Science,

ProQuest, and Google Scholar

Studies • Studies published in English up to June 2022

Selection of studies

Participants • Healthcare units (inpatient and outpatient) providing direct service to patients
• Primary to quaternary care

Intervention • Lean methodologies and similar interventions
• Industry 4.0 digital technologies

Comparator • Effect measures (mean, median, or percentages) of pre- vs. post-intervention or
control group vs. intervention group

Outcomes • Patient outcomes, quality of care, utilization and access to service, resource use,
patient and staff satisfaction

Study design • Randomized control trials, controlled before–after, pre–post, case-control, cohort

Exclusion criteria

• Surveys, reviews, opinion papers, technical notes, interviews, and editorial letters
• Studies published in languages other than English
• Studies that did not include a patient-oriented or direct healthcare service (e.g.,

suppliers’ efficiency, administrative staff efficiency, medical device efficiency, the
efficiency of a medical device manufacturing company)

• Studies without abstract and data
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Table 1. Cont.

Process Criteria Description

Data extraction
and synthesis

Review process
Extracted data

• Two reviewers screened, assessed, and extracted data. A third reviewer assessed
when consensus was necessary.

• Study location, settings, duration, aims, design, participants, intervention,
comparator, outcomes, findings, and control conditions

Risk of bias Tool • Cochrane Risk of Bias in Non-randomized Studies of Interventions (ROBINS-I)

Simulation and automation were the leading supportive digital technologies used
in the LH interventions. In 10 studies, simulation yielded improvements in 17 out of the
18 reported outcomes, with the one remaining outcome reporting no improvement [107].
Automation was the supportive technology in 9 studies, yielding improvements in 15 out
of 17 outcomes. In seven studies, electronic tracking systems were utilized as supportive
technology, which reported improvements in 10 outcomes and no significant change in
one outcome [108]. Less frequently used technologies included robots to improve the
turnaround time and turnover time [69,93], machine learning and simulation to improve
LOS and LWBS [20], and virtual modeling combined with simulation to improve patients’
waiting times [109,110], as shown in Figure 2.
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TAT was the most frequent metric, with 12 studies reporting a reduction in all 17 out-
comes after interventions. Laboratories were the most recurrent setting in which TAT was
measured (5 studies), all reporting a reduction in TAT; the largest reductions were 31.3 min
in a clinical lab study [111] and 10 days in a histopathology lab study [112]. Table 2 shows
all TAT outcomes and, when available, statistics from the studies.

Table 2. TAT outcomes of LH interventions supported by DTs.

(Authors, Year)
Country

Settings; Study
Design; n; Time Frame Intervention Main Outcomes Summary of Findings

(Wongkrajang, 2020)
[68] Thailand

Laboratory; case study,
pre–post; n = 30,180;
3 mo

Lean and automation 90th-percentile TAT
Reduced from 60 min
to 50 min
(p = 0.01)

(Ankrum, 2019) [69]
USA

pediatric facility; case
study, pre–post; n = 47
room turnovers;
60 days

Lean, robotics,
and electronic
medical records

Median time between
room breakdown to
cleaning start time

Reduced from 10 min
to 3 min
(p = 0.004)
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Table 2. Cont.

(Authors, Year)
Country

Settings; Study
Design; n; Time Frame Intervention Main Outcomes Summary of Findings

(Recht, 2019) [90] USA
MRI; case study,
pre–post; n1 = 5461 and
n2 = 9221; 6 mo

Lean and automation
of MRI (software tool)

Mean TAT (patients
ready for scanning)

Reduced from 328 min
to 132 min (p < 0.001)

Mean TAT (all
patients assessed)

Reduced from 537 min
to 272 min (p < 0.001)

(Shilpasree, 2019) [111]
India

Clinical laboratory;
pre–post; n = 3344;
2 mo

Lean, Six Sigma,
automation and
computerization

TAT Reduced from 110 min
to 78.7 min (p < 0.001)

(Jensen, 2019) [113]
USA

Laboratory; pre–post;
n = 21,639; 20 mo; 4 mo
follow up

Lean and automation
(automated chemistry
line and barcoding)

Specimen TAT

TnT: reduced from
56.64 min to 53.68 min
(p < 0.001)

K+: reduced from
40.88 min to 39.82 min
(p < 0.001)

CMP-Alb: reduced
from 43.44 min to
40.51 min (p < 0.001)

(Brunsman, 2018) [33]
USA

Inpatient pharmacy;
cohort study; n = 102;
15 mo

Lean and automation
of dispensing cabinet

Median overall TAT
from CMS-approved
antibiotic order entry to
medication
administration

Reduced from 120 min
to 80 min (p = 0.014)

(Bhat, 2016) [114] India
Medical record
department; case study;
n = 100; 2 mo

Lean, Six Sigma
and simulation

TAT of medical
record preparation

Reduced from 19 min
to 8 min

(Thureson, 2015) [112]
Sweden

Histopathology lab;
pre–post; n = 46,675;
27 mo

Lean and automatic
embedding console

Median TAT for
patients with
breast cancer

Reduced from 25 days
to 15.5 days (p < 0.001)

(Sanders, 2015) [115]
USA

ED, hematology lab,
and chemistry lab;
pre–post

Lean, Six Sigma, ED
tracking boards,
electronic orders,
and EHR

Median TAT for ED
specimens of complete
blood count analysis

Reduced from 15 min
to 11 min

(Wannemuehler, 2015)
[116] USA

OR; pre–post; n = 644;
10 mo

Lean, Six Sigma
and electronic
tracking system

Median assembly times
(instrument set)

Reduced from 8.4 min
to 4.7 min (p < 0.001)

Mean Mayo
setup times

Reduced from 97.6 s to
76.1 s (p < 0.001)

(White, 2014) [117]
USA

ED; prospective
controlled; pre–post;
n = 59,687; 17 mo

Lean, Six Sigma, QT,
TOC, and electronic
patient tracking system

Median exam
room time

The intervention group
reduced by 34 min from
90 to 56 min (p < 0.001).
The control group
increased from 28 min
to 36 min (p < 0.001).

(Nelson-Peterson, 2007)
[118] USA

General hospital;
time-series; pre–post;
n = 8; 5 mo

Lean and simulation

Registered nurse
lead time

Reduced from 240 min
to 126 min

Setup time (minutes for
one cycle of care)

Reduced from 20 min
to 3 min

Note. CMP-Alb indicates complete metabolic panel albumin; CMS, centers for Medicare and Medicaid ser-
vices; ED, emergency department; EHR, electronic health record; h, hours; K+, potassium; min, minutes; mo,
months; MRI, magnetic resonance imaging; OR, operating room; QT, queuing theory; RAD, rapid assessment
and disposition process; TAT, turnaround time; TOC, theory of constraints; TPS, Toyota production system;
TnT, troponin.
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Eleven studies reported 20 outcomes associated with patients’ length of stay (LOS), 16
of them reporting a decrease after the intervention (see Table 3). Conversely, three studies
reported no change after the intervention [35,107,108], and one reported an increased
LOS [107]. Within LOS outcomes for ambulatory patients, the most significant reduction
was from 5.8 h to 4.1 h [119], whereas for inpatients, the most considerable reduction was
from 22.9 days to 13.2 days [33].

Table 3. LOS outcomes of LH interventions supported by DTs.

(Authors, Year)
Country

Settings; Study
Design; n; Time Frame Intervention Main Outcomes Summary of Findings

(Tsai et al., 2021) [120]
Taiwan

Operating room; case
study, pre–post;
n = 2964; 24 mo

Lean, Six Sigma,
electronic tracking
system (electronic
tags, registration

Mean LOS
Orthopedic surgery
Reduced from
3.31 days to 1.57 days

Mean LOS

Colon and rectal
surgery
Reduced from
2.49 days to 1.16 days

APP, QR-codes,
perioperative flow
system, and HIS

Mean LOS
Urology surgery
Reduced from
3.31 days to 1.57 days

Mean LOS

Otorhinolaryngology
surgery
Reduced from
2.49 days to 1.16 days

(Brunsman, 2018) [33]
USA

Inpatient pharmacy;
cohort study; n = 102;
15 mo

Lean and automation
of dispensing cabinet Median LOS

Reduced from
22.9 days to 13.2 days
(p = 0.049)

(Rutman, 2015) [121]
USA

ED; pre–post; n = 98;
7 mo

Lean, simulation,
and EMR Mean LOS in ED Reduced by 30 min

(Beck, 2015) [108] USA
Inpatient pediatric
service; pre–post;
n = 3509; 12 mo

Lean, Six Sigma and
tele-tracking systems Mean LOS

Non-significant change,
from 3.1 days to
3.0 days (p = 0.864)

(Lee, 2015) [20] USA Emergency care center;
n = 18,726; 9 mo

Process mapping,
machine learning,
simulation, and
optimization

Overall LOS Reduced from 10.59 h
to 7.14 h

(Lo, 2015) [107] USA Pediatric ED; pre–post;
7 mo

Lean, real-time voice
recognition system,
simulation, electronic
charting, and EHR

Ambulatory
patients’ LOS

Increased from 161 min
to 168 min

Inpatients’ LOS No change (270 min)

(Tejedor-Panchon, 2014)
[122] Spain

ED;
Quasi-experimental
pre–post study;
n = 256,628; 36 mo

Lean, simulation, and
digital technology in
X-ray

Mean LOS in ED (time
spent in the
examination area)

NUC reduced from
80.4 min to 61.6 min
(p < 0.001); TC reduced
from 137.8 min to
123.8 min (p < 0.05);
MSC reduced from
219.7 min to 209.3 min
(p = 0.108)
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Table 3. Cont.

(Authors, Year)
Country

Settings; Study
Design; n; Time Frame Intervention Main Outcomes Summary of Findings

(White, 2014) [117]
USA

ED; prospective
controlled, pre–post
study; n = 59,687; 17 mo

Lean, Six Sigma, QT,
and TOC; electronic
patient tracking system

Median LOS for
ambulatory patients

Intervention group
reduced from 158 min
to 143 min (p < 0.001)
Non-significant change
in the control group,
from 265 min to
267 min (p = 0.69)

(Furterer, 2014h [119]
USA

ED; case study; 7 mo
Lean, Six Sigma,
automation, electronic
ED bed board, EMR

Mean LOS (all patients) Reduced from 6.9 h to
4.7 h (p < 0.001)

Mean LOS for
inpatients

Reduced from 8.7 h to
6.1 h

Mean LOS for
ambulatory patients

Reduced from 5.8 h to
4.1 h

(Burkitt, 2009) [35] USA
Department of surgery;
cohort study; n = 1779;
48 mo

TPS, automatic control
of antibiotics
after surgery,
and computerized
medical record

Median LOS Non-significant change
(p = 0.90)

(Eller, 2009) [123] USA ED; pre–post; 25 mo
Lean, patient track,
and electronic
documentation system

Mean LOS for no
RAD patients Reduced 45 min

Mean LOS for
RAD patients Reduced 208 min

Note. ED indicates emergency department; EMR, electronic medical records; h, hours; HIS, healthcare information
system; LOS, length of stay; MSC, medical–surgical cases; min, minutes; mo, months; NUC, non-urgent circuit;
QT, queuing theory; RAD, rapid assessment and disposition process; TC, trauma cases; TOC, theory of constraints;
TPS, Toyota production system.

Concerning waiting times, six studies reported improvements in all six outcomes (see
Table 4). The largest reduction in waiting time was from 201.6 min to 103.1 min, occurring
in ED [110]. In addition, one study reported an improvement in the percentage of patients
seen within 30 min, increasing from 33% to 93% after the intervention [121].

Table 4. Waiting time outcomes of LH interventions supported by DTs.

(Authors, Year)
Country

Settings; Study
Design; n; Time Frame Intervention Main Outcomes Summary of Findings

(Ortiz-Barrios, 2020)
[110] Colombia

ED; case study;
n = 16,741; 15 mo

Lean, simulation and
virtual modeling Mean waiting time Reduced from

201.6 min to 103.1 min

(Baril, 2016) [109]
Canada

Hematology–oncology
clinic; case study;
10 mo, 2 mo of
follow up

Lean, simulation, and
business game
virtual environment

Mean patient waiting
time before treatment

Reduced from 61 min
to 16 min

(Rutman, 2015) [121]
USA

ED; pre–post; n = 98;
7 mo

Lean, simulation,
and electronic
medical records

Median time to see
a provider

Reduced from 43 min
to 7 min

Patients seen within
30 min

Increased from 33%
to 93%
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Table 4. Cont.

(Authors, Year)
Country

Settings; Study
Design; n; Time Frame Intervention Main Outcomes Summary of Findings

(Rico, 2015) [124] USA ED; pre–post; n = 50;
1 mo

Lean and automated
infusion system

Mean waiting time for
FDG Infusion

Reduced from 11.3 min
to 6.4 min (p < 0.01)

(Tejedor-Panchon) [122]
Spain

ED; quasi-experimental
pre–post study;
n = 256,628; 36 mo

Lean, simulation, and
digital technology in
X-ray

Mean waiting time to
see a physician

Reduced from 58.0 min
to 49.1 min (p < 0.001)

(Furterer, 2014) [119]
USA ED; case study; 7 mo

Lean, Six Sigma,
automation, electronic
ED bed board,
and EMR

Time from door
to doctor

Reduced from 100 min
to 27 min

Note. ED indicates emergency department; FDG, fluorodeoxyglucose; h, hours; min, minutes; mo, months.

Five studies reported a reduction in four out of six TOT outcomes; the largest (65 min)
reduction occurred at a pediatric facility [69]. On the contrary, two non-significant increases
in TOT after the intervention were reported [33,93]. TOT was measured in various settings,
including pediatric facilities [69], ambulance services [125], pharmacies [33], and operating
rooms [93,126]. Table 5 depicts the findings of TOT outcomes.

Table 5. TOT outcomes of LH interventions supported by DTs.

(Authors, Year)
Country

Settings; Study
Design;

n; Time Frame
Intervention Main Outcomes Summary of Findings

(Amati et al., 2022)
[126] Switzerland

Operating room; case
study, pre–post; 9 mo Lean and simulation

Mean surgery
changeover time (skin
to skin)

Gynecological surgery
Reduced from 58 min
to 41 min

Mean surgery
changeover time (skin
to skin)

General surgery
Reduced from 63 min
to 48 min

(Ankrum, 2019) [69]
USA

Pediatric facility; case
study, pre–post; n = 47
room turnovers;
60 days

Lean, robotics,
and electronic
medical records

Median room
turnover time

Reduced from 130 min
to 65 min
(p < 0.001)

(Garza-Reyes, 2019)
[125] Mexico

Ambulance service;
case study; n = 850
ambulances; 1 mo

Lean and simulation,
internet-based
technologies, and GPS
tracking devices

Average ambulance
cycle time

Reduced from
124.9 min to 75.8 min

(Brunsman, 2018) [33]
USA

Inpatient pharmacy,
cohort study; n = 102;
15 mo

Lean and automation
of dispensing cabinet

Median time from
order to
medication verification

Increased from 5.5 min
to 10.5 min (p = 0.11)

(Bender, 2015) [93] USA
Operating room;
pre–post; n = 25,903;
36 mo

Lean, Six Sigma,
and robots Mean turnover time Non-significant change

from 43 min to 44 min

Note. GPS indicates global positioning system; min, minutes; mo, months.

Four studies measured the percentage of LWBS. Each reported reductions, with the
largest (30%) taking place in an emergency care setting [20]. Table 6 depicts the findings
related to LWBS.



Int. J. Environ. Res. Public Health 2022, 19, 9018 12 of 23

Table 6. Outcomes of LWBS in LH interventions supported by DTs.

(Authors, Year)
Country

Settings; Study
Design; n; Time Frame Intervention Main Outcomes Summary of Findings

(Lee, 2015) [20] USA Emergency care center;
n = 18,726; 9 mo

Process mapping,
machine learning,
simulation, and
optimization

Percentage of
patients LWBS Reduced by 30%

(Tejedor-Panchon, 2014)
[122] Spain

ED; quasi-experimental
pre–post study;
n = 256,628; 36 mo

Lean, simulation, and
digital technology
in X-ray

Percentage of
patients LWBS

Reduced from 2.8% to
2.0% (p < 0.001)

(Furterer, 2014) [119]
USA ED; case study; 7 mo

Lean, Six Sigma,
electronic ED bed
board, electronic
medical record,
and automation

Percentage of
patients LWBS

Reduced from 6.5%
to 0.34 %

(Eller, 2009) [123] USA ED; pre–post; 25 mo
Lean, patient track, and
electronic
documentation system

Percentage of patients
LWBS Reduced 28%

Note. ED indicates emergency department; LWBS, left without being seen; mo, months.

We found two studies measuring the 30-day readmission rate, one reporting a re-
duction [20] and another a non-significant change [108]. In addition, we found one study
that measured the adherence to recommended practices, reporting a proportion increase
in appropriate perioperative antibiotics therapy among surgical patients (from 25.5% to
44%; p < 0.01) [35]. Finally, we did not identify any outcome related to boarding time,
mortality rate, and waiting time for an appointment. However, we did find additional
outcomes related to resource use, including an improvement in the percentage of on-time
starts in the OR [93], staff walking distance and nurse lead time [118], room utilization and
overtime [93], hospitalization cycle time [120], and the decrease in the number of surgical
instruments as well as improvements in the Mayo setup time [116]. Only two studies evalu-
ated patient satisfaction, each reporting improvements after the intervention [119,127]. Staff
satisfaction was measured in one study, reporting increases associated with the emergency
room and lab [127].

Regarding the types of interventions, 18 studies utilized LH supported by one or more
DTs. The remaining 10 studies reported a combination of LH and Six Sigma interventions,
supported by at least one DT (Figure 3). Regarding the research scope, all interventions
occurred in departments or processes but not in the whole organization. Regarding the
risk of bias, Table S4 of the supplementary material depicts the assessments of the studies.
Four interventions were assessed with low bias, 22 with moderate bias, and two with
serious bias.
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5. Discussion
5.1. Effects of LH and DT Interventions on Healthcare Services

According to our results, most LH interventions supported by DTs have a positive
effect on outcomes oriented to patient flow (TAT, LOS, TOT, waiting time, and LWBS).
Therefore, LH and DTs best serve to improve outcomes related to the utilization, coverage,
or access to services, as well as resource use. Conversely, LH and DTs have less focus on
patient outcomes (health, safety, and satisfaction), staff outcomes, and savings. Moreover,
we did not find evidence on outcomes related to mortality rate, boarding time, and ap-
pointment waiting time. We anticipated that a reduction in TAT or TOT might decrease
waiting times for patients and staff, which might contribute to a reduction in the percentage
of LWBS and, ultimately, a reduction in LOS. Despite this inherent relationship among
outcomes, we did not find studies focusing on a cause–effect analysis.

Although patient satisfaction is key in directing process improvement initiatives
in healthcare systems [128–130], it is rarely measured and monitored in LH–DT inter-
ventions. This finding is consistent with previous studies highlighting that most LH
interventions tracked the effects on throughputs but disregarded patient satisfaction out-
comes [94,101,131]. However, the finding is also contradictory, as patient involvement
grows in relevance [132], given the continuous feedback facilitated by the IoT (e.g., social
networks) [22]. Another outcome scarcely measured is staff satisfaction; we only identi-
fied one study [127]. A growing body of literature outlines the staff’s fundamental role
in healthcare [133–135], highlighting the need for analytical attention and technological
solutions focused on minimizing the burden experienced by physicians and nurses [134].
The findings imply that most intervention studies still focus on efficiency improvement in
a department rather than taking a holistic perspective to optimize the outcomes across the
entire patient journey process.

Several countries have adopted strategies to increase healthcare efficiency, including
LH. For example, in the United States, less Medicare spending per beneficiary has been
linked with LH interventions [136]. Despite being at the core of lean interventions, outcomes
related to savings and earnings were reported in only three studies (see Table S3 of the
Supplementary Materials). The lack of cost-related outcomes is consistent with reports of
a negative association between LH and financial costs [102] and the inability displayed
by hospitals to translate LH benefits into savings [101]. Multidisciplinary intervention
teams could address these problems. Moreover, the cost reduction analysis possibly related
to Healthcare 4.0 implementation [137] in LH interventions might be complemented by
different investment decisions in such technologies [138].

5.2. Digital Technologies Supporting Lean Healthcare Interventions

Overall, simulation and automation were the main supportive digital technologies
reported in LH interventions. Simulation was used mainly in ED settings for measuring
patient-flow outcomes. Simulation stands out as a powerful decision-support technique
among the main trends of the Industry 4.0 era [139]. We identified two approaches to the
use of simulation in LH projects: (i) practical interventions using simulation as a means
to model different scenarios in a healthcare setting followed by the adoption of the best
solution, and (ii) theoretical studies that combine LH and simulation to propose potential
solutions, with no reported implementation [130,140–152].

On the other hand, automation was used as supportive technology in nine LH inter-
ventions. Lean automation incorporates digital automation technologies into the opera-
tionalization of lean practices [153]. Our analysis found that automation was mainly used
to support LH in laboratories [68,111–113] and radiology settings [90,124]. That also implies
that healthcare can benefit from automation where standardized processes and routine
operations are followed. In this regard, to obtain maximum benefits from automation, it is
reasonable to first optimize the process through LH or Six Sigma [154].
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Particularly, most of the LH and Six Sigma interventions followed the DMAIC approach
(define, measure, analyze, improve, and control), which provides a formal and logical sequence
for understanding the process and identifying opportunities for improvement [155–158].

Electronic tracking systems were another recurrent technology supporting LH, aimed
at obtaining and transmitting data to examine the flow of staff, patients, and material. Less
frequently reported technologies were robots [69,93], machine learning [20], and virtual
modeling [109,110]. Although LH interventions are reportedly used in healthcare systems
in different contexts [65], we did not find evidence of LH interventions supported by tech-
nologies such as IoT, big data, virtual and augmented reality, fog/mobile computing, cloud
computing, 3D printing, telemedicine, open-source software, or blockchain. Although
technologies such as AI, big data, telehealth, and cloud computing have been implemented
in healthcare [159,160], there is scarce evidence that these technologies support LH inter-
ventions. Thus, few DTs have been utilized to support LH, reflecting a low pervasiveness
in different healthcare settings [49]; however, that seems to signal initial approaches to
incorporating, in a staggered manner, extended and more complex types of DTs into LH
interventions. Particularly, simulation is considered an intermediate step towards more
sophisticated technology such as digital twins, identified as the next modeling, simulation,
and optimization paradigm [161,162]. In such a new paradigm, the use of simulation will be
extended [161] to support the design and redesign of patient-centered healthcare settings.

Previous studies have classified DTs [27,31,137] into two groups according to their main
purposes. The first group, named Processing–Actuation, included technologies that process
data producing information to control a system or mechanism. In our review, simulation and
automation best represented this group, followed by robot systems, virtual modeling, and
machine learning. The second group, called Sensing–Communication, included technologies for
capturing and communicating data. In our review, electronic tracking systems best represented
this group. Moreover, based on the effects of LH interventions supported by DTs, we identified
three primary beneficiaries: patients (11 studies), resource management (12 studies), and
healthcare professionals (3 studies). However, as previously suggested [30], we did not identify
studies focused on high-level healthcare systems.

5.3. Settings and Challenges

In regards to our results, the largest number of interventions occurred in EDs (10 stud-
ies), consistent with findings in Po et al. [136]. This may be justified by the relevance of
EDs within the hospital structure and their well-reported overcrowding problems [163,164].
EDs also offer a controlled environment for experimentation and, together with intensive
care units, are likely to benefit the most from DTs [165]. Laboratories followed, with five
reported interventions. Although system-wide healthcare management processes require
more lean approaches and higher reliance on technology to achieve optimized operations
and lower costs [166], all interventions in this review focused on particular processes or
departments, which is aligned with the literature on lean in healthcare [46,167]. Small and
focused improvements support the organization’s ability to sustain momentum, and early
achievements are key to keeping people from becoming dispirited [93]. Hospital-wide
improvements require not only broad and sustained commitment [167] but also capital
expenditures and a more skilled labor force [49]. Future studies need to focus on how LH
interventions supported by DTs could improve system-level outcomes rather than focusing
on wards.

LH and DTs as a dual intervention entail significant technical and organizational
challenges, including the reallocation of labor and equipment resources [124]. Such reor-
ganization is needed to adapt the technology to social needs, including the beliefs and
barriers of patients and caretakers [168], as well as cultural barriers, lack of awareness, and
resource limitations [160]. Moreover, physicians’ resistance to change has been commonly
reported when implementing lean interventions [169–171] due to the perception that lean
interventions might target established medical practices [169]. However, in the present
study, we did not identify any reported resistance to the dual intervention of LH and
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DTs. This could become a future research avenue due to the increasing implementation of
these interventions.

Regarding technical challenges, IT services and infrastructure present various im-
plementation difficulties [172], including difficulties with system configuration, system
access, software updates, and poor user interfaces [173], all identified as sources of delayed
care [53]. Further difficulties in implementing DTs included a negative impact on staff
communication and the level of situational awareness in EDs in converting to automated
tracking systems from manual ones [174]. The age and ownership of the hospital, type of
hospital, number of inpatient beds, and number of employees have also been reported as
contingency factors in adopting Healthcare 4.0 technologies [49]. In this regard, the litera-
ture evidence related to difficulties with DTs in healthcare remains mainly qualitative [53]
and is scarce in the context of LH.

Based on our findings, LH and DTs have a complementary effect. This is consistent
with previous studies in manufacturing settings [55,57]. We anticipate two different ap-
proaches to LH interventions supported by DTs. The first is a sequential approach in which
LH is implemented to improve the process flow, followed by the adoption of supporting
suitable DTs. Through such an approach, the full potential of technology integration can be
realized by ensuring the elimination of needless legacy tasks [124]. In the second approach,
LH and DTs are simultaneously implemented, requiring more resources and capabilities
from the organization. Simulation and digital twins might contribute to supporting such
an approach, anticipating different implementation scenarios.

5.4. Study Limitations

Due to the nature of our research, some limitations are present. In the first place,
observational pre–post designs prevailed among the studies. Thus, the possible existence
of confounding variables and the lack of randomization prevented us from determining a
cause–effect relationship between the interventions and the outcomes. Furthermore, differ-
ences in data (settings, length of the studies, data collection, and processing approaches)
dictate that care be taken not to generalize the results of our research. Finally, the risk of
bias and heterogeneity of studies prohibited us from performing a meta-analysis.

6. Conclusions

Most interventions of LH supported by DTs reported a significant positive effect on
one or more outcomes related to patient flow, namely, TAT, LOS, waiting time, TOT, and
patient LWBS. However, there is scarce evidence of the effects of the interventions on
other outcomes associated with patients (health, satisfaction, and safety), staff, quality of
care, resource use, and savings. Most LH interventions used simulation or automation as
the main supportive technology, and EDs and laboratories were recurrent settings. The
interventions may be viewed as initial attempts toward incorporating a wide variety of
settings and more complex DTs. Therefore, more studies focusing on patient outcomes,
quality of care, resource use, and staff outcomes are required to shed light on adapting,
implementing, and integrating DTs into interventions such as LH.

One-third of the analyzed interventions utilized the LH and Six Sigma approach in
combination with DTs, reporting twofold benefits on healthcare. LH and Six Sigma benefit
from the massive and faster data collection and analysis that Healthcare 4.0 DTs provide,
leading to the timely identification of root causes of variation and waste generation. Con-
versely, DTs benefit from the structured approach of LH and Six Sigma to solve efficiency
and variation problems and as a foundation for streamlining work and stabilizing processes
before implementing more sophisticated or expensive technologies.

When efficiency and cost consideration play a significant role in the decision-making
process, healthcare services are challenged to apply compliance strategies without com-
promising the quality of healthcare. In this regard, the benefits of implementing LH and
DTs should outweigh the implementation efforts. Different investment decisions might
complement the cost reduction analysis of using DTs to support LH on such technologies.
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Therefore, more effective planning and preparation can occur once organizations recognize
the dual LH–DT challenges.

7. Future Research

Based on the results and the discussion, we identified some gaps related to incorpo-
rating DTs into LH initiatives. First, more evidence is needed to describe problems and
benefits of DTs in healthcare in the context of LH interventions. Second, more studies
focusing on patient and staff outcomes (health, safety, and satisfaction) are required. Third,
future studies should expand the research by analyzing the effect that settings have on the
use of technology. Fourth, due to the LH focus on waste reduction, further research on LH
supported by DTs and their combined effect on sustainability is also required. In addition,
some directions for future research on LH and DTs include:

7.1. Applications of Sensing–Communication Technologies in LH Interventions

A bundle of five DTs was grouped under the label “Sensing–Communication” in
previous work [137]. They are big data, IoT, biomedical/digital sensors, cloud computing,
and remote control or monitoring. As reported earlier, electronic tracking systems and
sensors, which belong to the remote-control category, are the sensing–communication
DTs used in LH interventions. They are used to track and monitor patients in ED and
surgical theaters. We envision two promising applications of sensing–communication DTs
in LH improvement projects. The first one applies RFID (radio-frequency identification) for
surgical instruments to control the quality of surgical tray assembly and instrument trace-
ability. Trays with missing instruments are a recurrent problem in surgical theaters [175];
an LH project to adopt electronic Poka–Yokes (mistake proofing) at the final stage of tray
assembly would help to address the problem. The second one uses biomedical sensors
connected to the IoT to track inward patients’ vital signals, activate rapid-response teams,
and reduce the time to assist patients in critical condition. A previous study [176] showed
that technology may play a major role in improving the performance of those teams, which
could be analyzed through an LH project.

7.2. Electronic Kanbans to Improve the Management of Patient Transportation

Patient transportation inside hospitals poses a serious constraint on the efficient oper-
ation of several processes, such as patient admission and discharge [177]. Previous studies
have proposed the use of tools such as spaghetti charts, value-stream mapping, activity
worksheets [178], and the single-minute exchange of die (SMED) [179]. In this research
opportunity, we propose using electronic Kanbans to prioritize patients to be transported
according to a set of criteria established by the hospital. The electronic transportation
Kanban could be incorporated into the hospital system such that online updates become
possible, being accessible by the transportation team throughout the hospital. Incorporating
RFID tags on the transportation equipment (e.g., stretchers and wheelchairs) is another
use of DTs likely to improve the performance of the Kanban-operated transportation
management system.

7.3. Virtual Reality Enabling Lean Layout Studies

The study of industrial layouts through lean methods has been previously reported
in the literature, e.g., Nagi and Altarazi [180] and Fogliatto et al. [181]. However, the
layouts are based on manually implemented lean tools, such as value-stream mapping
and spaghetti charts. Healthcare layout design should consider alternatives’ impacts on
patients and staff flows and their related metrics. The use of virtual reality as a supporting
tool in LH layout design projects is likely to produce more efficient layouts. An initial step
in the direction of a virtual reality-based framework for designing healthcare layouts could
be the adaptation of the proposition in Zhi-hua and Yi-fang [182], which addresses the
manufacturing layout problem.
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