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A B S T R A C T 

Modern hospital care systems face severe operational friction, rising costs, 

dynamic demand, and workflow fragmentation. To solve these challenges, 

healthcare management must synthesize foundational quality management 

methodologies—derived from industrial paradigms—with advanced operations 

research (OR), machine learning analytics, and predictive modeling. This study 

examines the convergence of Total Quality Management (TQM), Lean Six 

Sigma (DMAIC), Toyota Production System principles, queueing theory, 

mathematical optimization, and predictive algorithms across clinical 

environments, MedTech platforms, and health system operations. By 

integrating theoretical frameworks (Deming, Juran, Crosby) with empirical 

data from cardiac cath lab capacity planning, bed throughput optimization, 

outpatient-to-inpatient conversion modeling, and MedTech funnel refactoring, 

this paper articulates a unified model for health governance and operational 

transformation. Empirical results demonstrate that cross-functional OR-

analytics interventions reduce patient wait times by 40%, increase bed turnover 

by 50%, double MedTech conversion rates, and generate substantial margin 

enhancements without requiring capital expansion. 

                                                                            

                                        © 2026 Journal of Innovations in Business and Industry 

 

 
 

 

 

1. INTRODUCTION 

 

Modern health care delivery systems worldwide operate 

under conditions of escalating complexity, extreme 

resource constraints, and surging dynamic demand. 

Many countries are adopting Sustainability Development 

Goals such as SDG 3 to promote good health and 

wellbeing and to ensure healthy life for all ages. In both 

developed economies and rapidly expanding emerging 

markets, hospital care organizations are confronted with 

the dual imperative of improving hospital treatment 

outcomes and enhancing operational efficiency while 

simultaneously constraining costs (Roy, 2024). 

Historically, manufacturing industries faced analogous 

structural challenges during the mid-to-late twentieth 

century, characterized by high defect rates, variable lead 

times, inefficient capacity utilization, and severe process 

friction. The resolution of these manufacturing 

challenges emerged through the systematic 

conceptualization and implementation of Total Quality 

Management (TQM), Statistical Process Control (SPC), 

Lean Manufacturing, and the Toyota Production System 
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(TPS). These paradigms, pioneered by seminal quality 

gurus such as W. Edwards Deming, Joseph M. Juran, 

Walter A. Shewhart, Armand V. Feigenbaum, Kaoru 

Ishikawa, and Philip B. Crosby, transformed industrial 

manufacturing into a science of predictable, zero-defect 

execution (Juran & Godfrey, 2005). 

In contemporary hospital care systems, the imperative for 

quality management is even more profound than in 

manufacturing, as operational failures, diagnostic delays, 

and bed unavailability translate directly into 

compromised patient safety, professional safety (ReVelle 

2004), suboptimal hospital treatment outcomes, and 

severe financial leakage. Across hospital operations, 

diagnostic laboratories, pharmaceutical supply chains, 

and Information MedTech platforms, operational 

inefficiencies manifest in long patient waiting times, 

overextended hospital staff, underutilized operating 

theaters (OT), emergency room overcrowding, and high 

customer churn. For instance, in rapid-growth markets 

such as India—where the hospital care and services 

market size is expanding toward US$ 400 Billion in 

FY26 with an annual sector growth rate of 8–12% and 

MedTech platform CAGR exceeding 35%—the 

structural strain on hospital infrastructure is acute. 

Despite rapid capital inflows and high growth, hospital 

insurance penetration remains below 40%, creating 

severe affordability and access bottlenecks. Furthermore, 

hospital information systems struggle with data 

fragmentation across electronic medical record (EMR), 

Laboratory Information Systems (LIS), and Customer 

Relationship Management (CRM) platforms, hospital 

data literacy gaps, high initial investment costs for data 

infrastructure, and deep-rooted cultural resistance to 

process standardization. Data storage, management and 

decision making can be challenging (Martin & Peráček 

2023). 

To bridge the gap between industrial operations science 

and hospital service delivery, this paper synthesizes the 

theoretical foundations of quality management in 

manufacturing with modern operations research (OR), 

predictive modeling, and analytics. We demonstrate how 

the mathematical rigor of queuing theory, linear 

programming (LP), discrete event simulation (DES), and 

machine learning classification algorithms can 

operationalize traditional quality frameworks (such as 

Deming's 14 points, Juran's Quality Trilogy, and the 

DMAIC roadmap) within acute care, multi-specialty 

hospital networks, and online MedTech platforms (Juran 

& Godfrey, 2005). Through four in-depth empirical case 

studies spanning cardiac Cath Lab capacity planning, 

hospital-wide bed throughput, MedTech platform 

optimization, and multi-specialty Outpatient to In-Patient 

(OPD-to-IPD) conversion analytics, this paper articulates 

an integrated architecture for quality management, 

analytics, and information governance in modern 

hospital care ecosystems. 

 

 

 

 

2. LITERATURE REVIEW 
 

The discipline of quality management evolved through 

distinct historical epochs, transitioning from basic post-

production quality inspection to statistical quality 

control, quality assurance, and ultimately Total Quality 

Management (TQM) and Lean Six Sigma (Ghobadian & 

Speller, 1994; Gopalan & Iyer, 2017).  It has had a 

positive impact on service quality and service sciences 

(Chen et al., 2022; Rienzo, 1993). Consumer perceptions 

on service quality have been measured in studies 

(Parasuraman et al., 1988). Practice and concepts of Lean 

six sigma are now being applied across industries and 

service sectors (Alexander et al., 2022; de Mast, 2006; 

González-Cebrián et al., 2022; Heuvel et al., 2005). 

Studies have demonstrated that “Senior management 

commitment” and “combination of Six Sigma and 

business strategy” are priority success factors for both 

small and medium-sized businesses and large 

organizations (Henrique & Godinho Filho, 2020; 

Stankalla et al., 2018;). W. Edwards Deming established 

that over 85% of quality failures stem from system design 

and process variation rather than individual worker error. 

Deming’s 14-point management philosophy emphasized 

continuous process improvement, the elimination of 

numerical quotas, systemic worker training, and the 

driving out of organizational fear. Deming’s Plan-Do-

Check-Act (PDCA) cycle, derived from Walter 

Shewhart’s control chart concepts, established a 

continuous feedback loop for process optimization that 

remains central to administrative and hospital 

governance.  

(i) The use of "systematic hospital protocol and treatment 

data-driven activity" (such as goals and metrics) in 

hospitals for quality improvements; (ii) "Hospital 

responsive design for treatment and care" (i.e., taking 

into account the specific characteristics of the hospital 

environment); and (iii) the use of "iterative 

implementation processes" such as Deming’s PDCA are 

considered as paths to continuous quality improvement 

(Rubenstein et al., 2013). Time constraints affected 

quality improvement efforts and was considered as the 

practitioners' biggest difficulty. Hospital care 

professionals had an increased ability to see the “bigger 

picture” and were committed to the improvements in the 

treatment of patients and the wellness of employees 

(Thor et al., 2010). Implementation of Toyota Production 

Systems for hospital care organizations have been 

studied in terms of challenges (Collins et al., 2015) and 

research has documented the effectiveness of knowledge 

management approaches such as cross-functional 

coordination and subject matter experts in TPS 

implementation. The use of subject matter experts, 

employee committees, cross-functional teams, and 

documented process leaders may constitute a blueprint 

for implementing TPS. Hospital care quality 

improvement that are dependent on policies, 

technologies, practicalities implemented in hospitals 

have also been discussed (Esain et al., 2012; Halpren-

Ruder 2020; Kaplan et al., 2009).  
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Joseph M. Juran expanded this paradigm by introducing 

the 'Juran Trilogy', comprising Quality Planning, Quality 

Control, and Quality Improvement. Juran defined quality 

as 'fitness for use'—a concept that directly maps to 

hospital care appropriateness, diagnostic accuracy, and 

patient care safety. Juran emphasized that sporadic spikes 

in quality defects must be controlled via operational 

statistical control, while chronic waste requires structural 

process redesign and executive breakthrough projects. 

His legacy still continues in the industry (Bisgaard 2008; 

Brown 1997; Kolesar 2008). Philip B. Crosby further 

advanced quality management through his 'Zero Defects' 

philosophy, administration in manufacturing and the 

Cost of Poor Quality (COPQ), arguing that non-

conformance represents an avoidable expense that 

drastically erodes institutional margin and customer trust. 

Studies support the idea that increased customer 

knowledge about Smart E-Health and solutionist 

technology use increases confidence in alternative 

solutions (Zywiolek et al., 2025). In the case of the 

automotive industry, consistency in quality and 

reputation are hard to attain and are challenging for many 

organizations (Cole & Flynn 2009). 

Parallel to Western statistical control, the Toyota 

Production System (TPS), developed by Taiichi Ohno 

and Eiji Toyoda, introduced Lean manufacturing 

principles focused on the relentless elimination of waste 

('Muda'), process overburden ('Muri'), and process 

unevenness ('Mura'). Central to TPS are the concepts of 

'Jidoka' (autonomation or stopping processes 

immediately upon detecting a quality defect) and 'Andon' 

visual alert management. When translated to hospital 

care, TPS principles require standardized hospital 

treatment workflows, visual management of patient 

status, direct communication protocols, and empowering 

frontline caregivers to halt flawed hospital treatment or 

administrative pathways before patient harm or process 

disruption occurs. 

The value systems in hospital care (Collins et al., 2015; 

Vanteddu & McAllister 2014) are transforming due to: 

a) Demand for emergency care services and 

specialized services. 

b) Senior and uninsured populations 

c) Private and specialist hospitals 

d) Escalating needs for quality services and 

patient safety 

e) Technology and scientific improvements 

f) Financial constraints 

g) Shortage of trained staff, professionals and 

labor 

h) Strict accreditation rules 

While manufacturing produces tangible physical goods, 

hospital care delivers complex, highly variable, and 

uniquely changing services. Nevertheless, the underlying 

process architecture in hospital care mirrors complex 

industrial supply networks.  

 

Table 1. Deming’s 14-Point Philosophy: Comparing Manufacturing and Hospital Care Services 

# Manufacturing Context Hospital Care Operationalization 

1 Create constancy of purpose for 

product/service improvement. 

Establish clear focus on patient outcome excellence, hospital 

treatment safety, and long-term care quality. 

2 Adopt the new quality philosophy 

across all operations. 

Instill a culture of patient safety, zero preventable harm, and 

standardized care protocols across hospital treatment units. 

3 Cease dependence on mass 

inspection; build quality in. 

Replace end-of-process hospital audits with real-time standardized 

workflows, decision support, and checklists. 

4 End practice of awarding business 

on price tag alone. 

Select medical device, drug, and technology vendors based on 

quality, reliability, and total cost of care outcomes. 

5 Improve constantly and forever 

every manufacturing system. 

Systematically map OPD, IPD, diagnostic, and surgical workflows 

to eliminate bottlenecks and operational delay. 

6 Institute modern methods of on-the-

job training. 

Mandate structured hospital treatment and operational training, 

simulation labs, and analytical literacy for staff. 

7 Institute leadership focused on 

helping people do a better job. 

Empower hospital leaders and unit heads to coach frontline nurses 

and doctors, facilitating scientific decision-making. 

8 Drive out fear so everyone may 

work effectively. 

Encourage open reporting of medical errors, near-misses, and 

operational bottlenecks without fear of retribution. 

9 Break down barriers between staff 

and functional departments. 

Establish cross-functional care teams integrating clinicians, nurses, 

operations managers, and data analysts. 

10 Eliminate slogans, exhortations, 

and target workforces. 

Replace arbitrary hospital treatment targets with data-backed 

capacity planning, scheduling tools, and adequate staffing. 

11 Eliminate numerical quotas and 

arbitrary management targets. 

Shift focus from raw patient volume targets to value-based care 

metrics, care appropriateness, and hospital treatment quality. 

12 Remove barriers that rob workers 

of pride of workmanship. 

Streamline EHR data entry, reduce administrative overhead, and 

provide modern hospital tools to restore professional dignity. 

13 Institute a vigorous program of 

education and self-improvement. 

Foster continuous professional education in hospital quality tools, 

Lean Six Sigma, and hospital care analytics. 

14 Put everybody in the organization 

to work to accomplish 

transformation. 

Mobilize top executive management and hospital leadership in 

structured TQM and Lean transformation initiatives. 
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Table 1 maps Deming's 14 points directly between 

industrial manufacturing environments and hospital 

system management.Furthermore, the application of TPS 

principles and the IDEA methodology (Identify process 

gaps, Design solutions, Explore alternatives, Activate 

improvements) provides structural clarity for hospital 

system risk management and Joint Commission on 

Accreditation of Healthcare Organizations (JCAHO) 

compliance. Table 2 details how TPS functional teams 

align with hospital care audit standards. 

 

Table 2. Alignment of TPS Quality Management Principles with Hospital Care Audit Standards 

 

Functional Domain Core Operational Mission Audit & Quality Assurance Process 

Ethical Responsibilities & Patient 

Autonomy 

Empower patients with full 

transparency regarding care options 

and diagnostic pathways. 

Verify complete hospital treatment 

documentation, informed consent 

protocols, and ethical governance 

compliance. 

Care Provision & Service 

Delivery 

Ensure effective, timely coordination 

across OPD, diagnostics, Cath Lab, 

and IPD units. 

Audit adherence to hospital care 

pathways, inter-departmental handoffs, 

and care delivery protocols. 

Medication Management Standardize drug administration, 

eliminate prescription errors, and 

secure supply chains. 

Inspect closed-loop medication 

administration, automated dispensing, 

and drug reconciliation logs. 

Organizational Performance 

Measurement 

Utilize real-time departmental data 

to monitor hospital and operational 

process management. 

Review control charts (SPC), key 

performance indicators (KPIs), and 

process capability (Cpk) metrics. 

Executive Leadership & 

Governance 

Maintain absolute adherence to 

hospital regulations and standards, 

accreditation norms, and safety 

values. 

Execute executive safety walk-rounds, 

regulatory compliance reviews, and 

governance scorecards. 

Environment of Care (EOC) Eliminate biohazards, ensure facility 

safety, and maintain sterile 

environment controls. 

Audit hazardous waste disposal, HVAC 

cleanroom standards, infection control, 

and fire safety systems. 

Human Resource Optimization Match hospital staff qualifications to 

patient care acuity and balance shift 

workloads. 

Review staff certification records, 

nurse-to-patient staffing ratios, and 

continuous training hours. 

Information Governance Maintain seamless, secure, and 

privacy-compliant electronic 

hospital records (EHR). 

Audit HIPAA/ABDM data privacy 

compliance, EMR uptime, data 

integrity, and cross-system 

interoperability. 

Infection Control & Surveillance Implement universal infection 

control protocols to prevent hospital-

acquired infections (HAI). 

Conduct real-time epidemiologic 

surveillance, hand hygiene compliance 

audits, and sterilizer validation. 

3. METHODOLOGY 
 

To achieve operational excellence, hospital care 

organizations must move beyond qualitative 

management concepts and deploy rigorous quantitative 

operations research (OR) and analytical methodologies 

tailored to specific domain challenges. Studies have 

explained mapping of business logic for six sigma and 

TQM for business excellence (Niñerola et al., 2021). 

Table 3 establishes a cross-domain taxonomy mapping 

hospital care sub-sectors, operational challenges, 

analytical tools, and practical industry applications. 

 

 

Table 3. Cross-Domain Taxonomy of Hospital Care Challenges, Analytics, and Operations Research Applications 

 

Wellness Care Sub-

Sector 

Typical Business & 

Operational Challenge 

Statistical, Analytics & 

OR Tools 

Target Industry 

Application 

Hospitals & Wellness 

Service Providers 

Long patient waiting 

times, acute bed 

shortages, high OT 

underutilization, 

emergency surge friction. 

Queuing Theory (M/M/s 

models), Time-Series 

Forecasting, Discrete Event 

Simulation (DES), Integer 

LP. 

Optimize patient 

throughput, Cath Lab and 

OT scheduling, dynamic 

ICU bed allocation, nurse 

staffing. 

Wellness Insurance / 

Payers / TPAs 

Excessive claims 

processing costs, 

Predictive Analytics, 

Logistic Regression, 

Automated claims 

adjudication, real-time 
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fraudulent billing, high 

claim rejection rates, 

delayed settlement. 

Decision Trees, XGBoost, 

Risk Stratification Models. 

fraud detection, 

underwriting risk profiling, 

reserve allocation. 

Pharmaceutical 

Manufacturing 

Demand uncertainty, 

hospital treatment delays, 

high holding costs, stock-

outs of essential drugs. 

ARIMA/GARCH 

Forecasting, Economic 

Order Quantity (EOQ), 

Stochastic Programming, 

DOE. 

Demand forecasting, multi-

echelon drug inventory 

planning, hospital treatment 

trial optimization, supply 

chain security. 

Medical Devices & 

Surgical Mfg. 

Production line 

bottlenecks, high 

component defect rates, 

high operating costs, 

regulatory non-

compliance. 

Lean Six Sigma (DMAIC), 

Statistical Process Control 

(SPC), Design of 

Experiments (DOE), 

FMEA. 

Improve manufacturing 

yields, eliminate device 

defects, optimize 

production schedules, 

ensure ISO compliance. 

Diagnostics & Medical 

Labs 

Unpredictable specimen 

arrival surges, long 

turnaround time (TAT), 

technician workload 

imbalance. 

Queuing Theory, Capacity 

Allocation Models, Control 

Charts, Automated 

Workload Balancing. 

Streamline sample 

processing queues, analyzer 

utilization, technician shift 

planning, emergency TAT 

compliance. 

Telemedicine & MedTech 

Platforms 

Low lead-to-paid 

conversion rates, user 

drop-offs mid-

onboarding, inefficient 

tele-consult support. 

Funnel Analytics, Binary 

Classification (Logistic/RF), 

A/B Testing, Value Stream 

Mapping. 

User segmentation, 

personalized engagement 

workflows, dynamic lead 

prioritization, drop-off 

reduction. 

Hospital Care Supply 

Chain & Logistics 

Stock-outs of critical 

consumables, excess 

inventory expiry, 

fragmented distribution 

networks. 

EOQ Models, ABC/XYZ 

Analysis, Mixed-Integer 

Linear Programming 

(MILP), Dynamic VRP. 

Optimize central pharmacy 

stocking, automated reorder 

points, hospital 

consumables distribution. 

Public Wellness & 

Disease Surveillance 

Rapid epidemic 

outbreaks, vaccine 

maldistribution, 

constrained emergency 

medical response. 

Epidemiological 

Compartmental Models 

(SEIR), Spatial 

Optimization, Monte Carlo 

Simulation. 

Disease surveillance, 

dynamic vaccine allocation, 

regional emergency 

capacity planning, resource 

deployment. 

 

 

4. QUEUING THEORY AND CAPACITY 

OPTIMIZATION FORMULATIONS 
 

4.1 Cross-Domain Matrix of Hospital Care 

Challenges and Quantitative Tools  

 

A central operational vulnerability in hospital settings is 

the non-linear relationship between capacity utilization 

and patient waiting time. In simple deterministic capacity 

models, system capacity is evaluated purely by dividing 

available operating hours by average service time. 

However, because patient arrival patterns (especially 

emergency admissions) and procedure duration display 

high stochastic variability, operating a hospital care 

system near theoretical capacity leads to catastrophic 

queuing delays.  

 

4.2 Queuing Theory and Capacity Optimization 

Formulations 

 

To rigorously quantify this behavior, consider an M/M/s 

queuing model where arrival processes follow a Poisson 

distribution with mean arrival rate λ, and procedure 

durations follow an exponential distribution with mean 

service rate μ across s parallel service channels (e.g., 

Cath Labs or operating rooms). The overall system 

utilization coefficient ρ is defined as: 

 

ρ = λ / (s · μ) 

 

According to Kingman’s approximation and standard 

M/M/s queuing theory, the expected waiting time in 

queue (Wq) increases non-linearly as utilization ρ 

approaches 1.0 (100%). However, Sakasegawa's 

approximation for a general G/G/s queueing model, 

extends Kingman's formula (G/G/1) to multiple servers: 

 

Wq ≈ [ (Ca² + Cs²) / 2] · [ ρ(√[2(s+1))-1) / (1 - ρ)] · (1 / μ) 

 

where Ca represents the coefficient of variation of arrival 

intervals, and Cs represents the coefficient of variation of 

service times. As ρ tends to 1, the term 1 / (1 - ρ) causes 

hyperbolic (or asymptotic) growth toward infinity. 

Operating a Cath Lab or ICU bed network at >90% 

utilization causes Wq to grow infinitely. Therefore, 

operations research models must incorporate dynamic 

buffer allocation (reserving dedicated emergency 

capacity) rather than attempting to maximize nominal 
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utilization. For an M/M/s model (Poisson arrivals and 

exponential service), both coefficients of variation (Ca 

and Cs) are equal to 1, which simplifies the variability 

term (Ca
2 + Cs

2) / 2 strictly to 1. 

 

 4.3 Predictive Modeling and Machine Learning 

Frameworks 

 

While queuing models optimize physical resource flows, 

machine learning analytics enhance hospital and 

administrative decision-making by predicting individual 

patient entry and exits. In hospital care delivery, 

predictive admission modeling frames patient conversion 

or bed demand as a supervised classification or time-

series problem. Given a feature vector Xi comprising 

patient demographic metrics, hospital indicators, 

diagnostic flags, visit history, and package interest, the 

conditional probability P (Yi = 1 | Xi) of inpatient 

admission within a defined window t is estimated via 

logistic regression, Random Forest, or XGBoost 

algorithms:  

 

P (Yi = 1 | Xi) = 1 / [ 1 + exp (- (β₀ + Σ βj · Xij))] 

 

By evaluating model discriminative performance through 

Area Under the Receiver Operating Characteristic Curve 

(AUC-ROC), Precision@Top-K, and Lift Curves, 

hospital system administrators can proactively deploy 

hospital counselling, allocate bed capacity, and reserve 

surgical slots with high precision, eliminating 

complications. 

 

 

5.  CALCULATIONS 
 

5.1 Case Study 1: Optimizing Cath Lab Capacity, Bed 

Allocation, and Queuing at Swasthya Cardiology 

(name changed) 

 

The Cardiology Department at Swathya (name changed) 

was facing severe operational distress characterized by 

long patient waiting times for elective angioplasties, 

unpredictable emergency arrivals, and frequent 

postponements of scheduled procedures. Consequently, 

ICU and CCU occupancy consistently exceeded 95%, 

leading to 25–30% of elective patients being deferred or 

referred to competitor facilities. This operational 

bottleneck resulted in acute patient dissatisfaction and 

estimated revenue leakage of ₹1.2 crore per month. 

Management initially evaluated a capital expenditure 

(CapEx) proposal to invest ₹10 crore in constructing an 

additional Cath Lab facility. 

Prior to committing capital, an operations research 

intervention was executed to evaluate baseline capacity. 

The hospital operated 2 Cath Labs, each functioning 8 

hours per day (480 minutes). Time-motion analysis 

revealed an average procedure time of 1.2 hours (72 

minutes) and a turnaround/cleaning time of 0.3 hours (18 

minutes), yielding a total cycle time per patient of 1.5 

hours (90 minutes). The nominal daily capacity of one 

Cath Lab was calculated as 8 / 1.5 = 5.33 procedures per 

day, providing a total combined capacity of 10.66 

procedures per day across both labs. 

Historical demand analysis revealed an average daily 

demand of 10 procedures per day (7 elective 

angioplasties and 3 emergency arrivals). Nominal 

capacity utilization was calculated as: 

 

Utilization = (Average Daily Demand / Theoretical 

Capacity) × 100 = (10.0 / 10.66) × 100 = 93.8% 

 

Statistical analysis demonstrated that daily demand was 

subject to stochastic variation, bounded by standard 

deviation σ = 2.1 procedures/day, creating an expected 

range of 8 to 12 procedures daily. Operating at 93.8% 

nominal utilization under variable demand caused the 

queuing system to breakdown. Furthermore, downstream 

bottlenecks were identified: while Cath Labs could 

process 10 patients daily, the CCU unit had a throughput 

capacity of only 8 patients per day due to an average 

length of stay (ALOS) of 2.5 days across 20 CCU beds. 

Rather than investing ₹10 crore in physical expansion, an 

integrated OR and Lean solution was implemented: (1) 

Theory of Constraints (TOC) bed optimization reduced 

CCU ALOS from 2.5 to 2.0 days via early discharge 

planning and standardized step-down care pathways, 

expanding bed throughput by 25% from 8 to 10 

patients/day without CapEx. (2) A hybrid queuing 

algorithm reserved 70% of Cath Lab slots for elective 

procedures and 30% for emergency holds, with dynamic 

slot reassignment if emergency load was low. (3) 

Discrete Event Simulation (DES) models optimized 

surgical prep protocols. Real-time Power BI dashboards 

integrated these algorithms into the hospital information 

system (HIS). 

 

5.2 Case Study 2: Lean Six Sigma (DMAIC) 

Transformation of a MedTech Platform 

 

A growing preventive health MedTech startup offering 

corporate health plans and diagnostic care packages 

across Tier 1 and Tier 2 Indian cities experienced severe 

growth friction. Despite robust lead generation, 

registered lead-to-paid customer conversion was 

depressed at 18%, mid-onboarding user drop-off reached 

40%, customer service Net Promoter Score (NPS) 

stagnated at 52, and cross-sell rates for secondary 

diagnostic packages remained at a low 8%. Operational 

bottlenecks stemmed from manual partner hospital 

onboarding, delayed claim verification, and fragmented 

customer support. 

The company executed a structured Lean Six Sigma 

DMAIC (Define, Measure, Analyze, Improve, Control) 

project to overhaul platform operations: 

• Define: Voice of Customer (VOC) transcripts 

identified Critical to Quality (CTQ) parameters: 

Time to Onboard (TTO) ≤ 5 minutes, First Contact 

Resolution (FCR) ≥ 85%, Lead Conversion ≥ 30%, 

and NPS ≥ 80. 
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• Measure: Baseline process mapping established 

average onboarding time at 17 minutes, first 

response time at 10 hours, conversion rate at 18%, 

and partner clinic activation cycle at 5 days. 

• Analyze: Fishbone (Ishikawa) diagrams and Pareto 

analysis isolated root causes: UI/UX friction and 

multi-screen complexity (25%), sales-to-support 

handoff drops (20%), pricing ambiguity (18%), 

manual clinic verification delays (15%), and agent 

training gaps (10%).  

• Improve: Value Stream Mapping (VSM) eliminated 

4 non-value-added onboarding steps. Weekly 

Kaizen sprints automated clinic verification, 

streamlined payment CTAs, and deployed unified 

CRM escalation SOPs. 

• Control: A real-time executive analytics dashboard 

was instituted alongside weekly control reviews led 

by a Lean Champion and incentive-aligned team 

scorecards.  

 

5.3 Case Study 3: Strategic Turnaround and 

Operational Optimization in a Tier-2 City Hospital 

 

A 250-bed multi-specialty hospital located in a Tier-2 

city suffered from declining patient footfalls, severe bed 

underutilization (48% occupancy rate), low EBITDA 

margins (9%), and high length of stay (ALOS 5.2 days). 

Operating within an increasingly competitive regional 

market, the hospital lacked strategic service-line 

alignment, maintained inconsistent pricing structures, 

and experienced high material wastage. 

A comprehensive 18-month strategic turnaround was 

initiated using Objectives and Key Results (OKRs), 

predictive demand modeling, and Lean Six Sigma: (1) 

Strategic redesign prioritized high-margin specialties 

(Cardiology, Oncology, Orthopedics) and aligned 

departmental OKRs to achieve 400 daily OPD visits. (2) 

Supply chain operations were restructured via vendor 

consolidation and centralized inventory control, reducing 

consumable material wastage by 15%. (3) Workload 

analytics enabled shift-based nurse and staff deployment 

matching dynamic patient acuity. (4) Predictive time-

series models forecasted specialty admission loads with 

89% accuracy, enabling optimal capacity planning. (5) 

Price elasticity modeling recalibrated package pricing 

relative to regional competitors. 

 

5.4 Case Study 4: OPD-to-IPD Conversion Analytics 

and Capacity Forecasting 

 

A national hospital care chain specializing in women and 

child care experienced substantial revenue leakage across 

its flagship Bengaluru hospital units. Out of 10,000 

monthly outpatient (OPD) consultations, only 2,100 

converted into inpatient (IPD) admissions—a conversion 

rate of 21% (Table 4).  

Quantitative funnel mapping revealed severe drop-offs 

between hospital treatment recommendation and 

admission booking: 

 

 

Table 4. Quantitative OPD-to-IPD Patient Conversion Funnel Analysis 

 

Funnel Stage Patient Volume Stage Conversion Ratio Cumulative Conversion 

1. OPD Consultations 10,000 100.0% 100.0% 

2. Diagnostic Orders 

Executed 

6,500 65.0% 65.0% 

3. Clinical IPD 

Recommendation 

4,200 64.6% 42.0% 

4. Admissions Booked 2,350 56.0% 23.5% 

5. IPD Delivered (Admitted) 2,100 89.4% 21.0% 

 

 

To capture lost conversions, a machine learning 

classification engine (XGBoost/Random Forest) was 

deployed to predict patient-level admission probability 

P(IPD). Feature engineering incorporated demographics 

(age, parity), clinical markers (GDM, PIH flags), visit 

frequency, ultrasound findings, and package interest. The 

model achieved an AUC-ROC of 0.82 and a 4.2X lift in 

the top decile. High-probability cohorts were routed to 

dedicated CRM financial counselors. Concurrently, an 

Integer Linear Program (ILP) optimized OT and bed 

allocation by dynamically reserving 15% emergency 

buffer capacity for emergency C-sections while 

scheduling elective procedures. 

 

6. ANALYSIS AND DESIGN 

 

The empirical implementations across acute hospital 

care, MedTech platforms, regional specialty centers, and 

maternity networks demonstrate that integrating 

operations research with quality management yields 

profound quantitative improvements. Table 5 provides a 

comparative synthesis of pre- and post-intervention 

metrics across all four case studies. 
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Table 5. Consolidated Empirical Impact Across Hospital Care Operations Research Case Studies 

Case Study Domain Key Metric Base (Pre-

OR) 

Post-Project Impact 

Case 1: Cath Lab & Bed 

Optimization 

Average Patient Wait 

Time 

9.2 hours 5.4 hours -41.3% 

Case 1: Cath Lab & Bed 

Optimization 

CCU Bed Occupancy 

Rate 

97.0% 88.0–90.0% Optimized 

Case 1: Cath Lab & Bed 

Optimization 

Daily Bed Turnover Rate 1.4 / day 2.1 / day +50.0% 

Case 1: Cath Lab & Bed 

Optimization 

Elective Procedure 

Cancellation 

28.0% 12.0% -57.1% 

Case 1: Cath Lab & Bed 

Optimization 

Monthly Revenue 

Leakage 

₹1.2 Crore ₹0.5 Crore -58.3% 

Case 2: MedTech Platform 

DMAIC Transformation 

Lead-to-Paid Conversion 

Rate 

18.0% 36.0% +100.0% 

Case 2: MedTech Platform 

DMAIC Transformation 

Customer Onboarding 

Time 

17.0 mins 6.0 mins -64.7% 

Case 2: MedTech Platform 

DMAIC Transformation 

First Support Response 

Time 

10.0 hours 1.5 hours -85.0% 

Case 2: MedTech Platform 

DMAIC Transformation 

Net Promoter Score 

(NPS) 

52 points 84 points +32 pts 

Case 3: Tier-2 Hospital 

Turnaround 

Hospital Bed Occupancy 48.0% 72.0% +24.0 pts 

Case 3: Tier-2 Hospital 

Turnaround 

Operating EBITDA 

Margin 

9.0% 22.0% +13.0 pts 

Case 3: Tier-2 Hospital 

Turnaround 

Average Length of Stay 

(ALOS) 

5.2 days 4.3 days -17.3% 

Case 4: OPD-to-IPD 

Conversion Analytics 

Maternity OPD→IPD 

Conversion 

21.0% 28.5% +35.7% 

Case 4: OPD-to-IPD 

Conversion Analytics 

Network EBITDA Uplift Baseline +10.5% +10.5 pts 

 

 

7. RESULTS AND DISCUSSIONS 

 

A foundational prerequisite for sustaining Lean Six 

Sigma and operations research interventions in hospital 

care is robust wellness information governance. As 

modern hospital care systems transition toward digitized, 

technology-enabled care delivery—incorporating 

Telemedicine, Remote Patient Monitoring (RPM), 

eICUs, and electronic wellness records—the hospital 

treatment and administrative data expands exponentially. 

However, data fragmentation across disparate EHR, 

Laboratory Information Systems (LIS), and CRM 

platforms poses a primary bottleneck to effective 

analytics. Technology forecasting and change can also 

have a significant impact on improving hospital care 

quality (Kim et al., 2016). 

In healthcare information management, manual 

retrospective record reviews impose unsustainable 

financial and operational burdens. Administrative studies 

indicate that clinicians spend up to 50% of their time 

processing information and preparing documentation. 

Integrating Natural Language Processing (NLP), 

Machine Learning (ML), and Augmented Intelligence 

(AI) into electronic data infrastructure transforms 

uncurated hospital treatment narrative into structured, 

actionable intelligence (Almotiri 2024). NLP models can 

automatically parse diagnostic notes, hospital discharge 

summaries, and patient-doctor interactions, saving over 

300 doctor hours annually per provider while ensuring 

strict compliance with international information 

governance standards (such as Ayushman Bharat Digital 

Mission - ABDM, NDHM, and HIPAA). 

Looking forward to Vision 2030, the hospital care 

landscape will demand a fundamental shift in 

institutional leadership and interdisciplinary capabilities. 

Traditional management hierarchies organized into rigid 

functional silos are incapable of addressing dynamic 

hospital treatment demand and complex data ecosystems. 

Emerging hospital care career paradigms will 

increasingly converge around five specialized 

interdisciplinary domains: 

1. Hospital Care Informatics & Data Governance 

Specialists: Professionals dedicated to establishing 

data interoperability, architecture compliance, and 

ethical AI deployment across health networks. 
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2. Process Mining & hospital practitioner specialists: 

Operational engineers who utilize automated event-

log mining to map, audit, and eliminate real-time 

hospital treatment bottlenecks. 

3. Value-Based Care Analysts: Financial and analytical 

strategists focused on designing risk-sharing 

reimbursement models tied directly to patient 

outcome metrics. 

4. Precision Health Operations Managers: Leaders 

capable of coordinating complex individualized care 

pathways, genomic sequencing logistics, and 

targeted therapies. 

5. ESG & Sustainable Health Systems Consultants: 

Experts focused on building resilient, resource-

efficient hospital care infrastructure capable of 

mitigating environmental risk. 

As articulated in operational leadership administration, 

'The leaders of 2030 will think like engineers, act like 

managers, and decide like data scientists.' Achieving 

sustainable health system transformation requires 

continuous institutional investment in analytical 

knowledge, process discipline, and data governance. 

 

 

6. CONCLUSIONS 
 

This paper has recommended comprehensive 

administrative functions synthesizing quality 

management philosophies with advanced operations 

research, machine learning analytics, and health 

information governance. By analyzing the theoretical 

contributions of Deming, Juran, Crosby, and the Toyota 

Production System alongside quantitative formulations 

of queuing theory and predictive classification, we 

demonstrate that health system performance can be 

dramatically enhanced without capital-intensive physical 

expansion. The empirical findings across four case 

studies confirm that systematic quality and analytical 

interventions reduce patient waiting times, optimize bed 

turnover, eliminate drop-offs in MedTech health 

platforms, and maximize hospital treatment conversion. 

Ultimate success in modern hospital care management 

depends upon building adaptive, data-driven systems that 

facilitates continuous learning from every patient 

interaction every day. 
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