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Abstract

Background: The rapid infusion of Artificial Intelligence (AI) into hospital ecosystems has generated substantial discourse
around efficiency and clinical accuracy. However, a critical and underexplored tension exists between technological
optimization and the fundamentally human dimension of healthcare — empathy. This paper investigates the non-linear,
potentially paradoxical relationship between Al adoption intensity and patient-perceived empathy across private super-
specialty hospitals in the Tricity region (Chandigarh, Mohali, and Panchkula), North India.

Methods: Drawing on the Technology-Organization-Environment (TOE) framework for adoption analysis and an adapted
SERVQUAL model for service quality measurement, this study employs a mixed-method, multi-stakeholder design. The
empirical investigation spans 12 accredited private hospitals (>100 bed capacity) in the Tricity — including Fortis Hospital
Mohali, Max Super Speciality Hospital, Sohana Hospital, Grecian Super Speciality Hospital, Ivy Hospital, Shalby
Hospital, Paras Hospital Panchkula, Alchemist Hospital, Ojas Super Speciality Hospital, Healing Hospital Chandigarh,
Eden Critical Care Hospital, and Cloudnine Hospital. Quantitative data are collected from approximately 400 patients
(Cochran's formula, n=385) and 70-80 management/staff respondents; qualitative insights emerge from 15-20 semi-
structured interviews with hospital CEOs and Medical Directors.

Key Argument: We posit an "Optimization-Satisfaction Paradox": while AI adoption demonstrably improves
Responsiveness, Reliability, and Tangibility dimensions of SERVQUAL, its relationship with patient-perceived Empathy
follows an inverted-U curve. Moderate Al integration — where Al augments rather than replaces human interaction — is
associated with peak empathy scores. Beyond a tipping point, excessive automation erodes the emotional fabric of care,
depressing patient satisfaction despite operational excellence.

Keywords: Al adoption in healthcare, Patient empathy, SERVQUAL, TOE framework, Tricity hospitals, Healthcare
4.0, Human-AlI interaction, Optimization-Satisfaction Paradox, Private super-specialty hospitals, North India

1. Introduction: The Empathy Deficit in the Age of Algorithmic Medicine

The global healthcare system is in the grip of a profound technological metamorphosis. Industry 4.0 technologies — the
Internet of Things, Big Data Analytics, Cloud Computing, and, most consequentially, Artificial Intelligence (AI) — are
converging to give rise to what scholars term "Healthcare 4.0" (Shaik et al., 2023). This is not a cosmetic transformation.
It represents a structural upheaval in how care is conceived, delivered, and experienced. Volume-based, reactive medicine
is steadily yielding to value-based, predictive architectures. Yet, within this narrative of optimization, a disquieting
paradox is taking shape. Healthcare is not a commodity transaction. At its irreducible core, it is a profoundly human
encounter — between a patient in a state of vulnerability, pain, and anxiety, and a healer equipped with knowledge, skill,
and, crucially, empathy. The question that this paper places at the center of inquiry is therefore not "Can Al make hospitals
more efficient?" — the evidence for that is rapidly accumulating — but rather: "At what cost to the patient's experience
of being cared for?" The Tricity region — comprising Chandigarh (Union Territory), Mohali (Punjab), and Panchkula
(Haryana) — serves as an ideal laboratory for this investigation. This cluster functions as the premier medical referral hub
for North India, drawing patients from Himachal Pradesh, Jammu & Kashmir, Punjab, Haryana, and Uttarakhand.
Institutions such as Fortis Hospital Mohali (375+ beds, JCI & NABH accredited), Max Super Speciality Hospital (200+
beds, 83 ICU beds), Sohana Hospital (400+ beds), Grecian Super Speciality Hospital (350 beds), Ivy Hospital (180+
beds), Shalby Hospital (145 beds), Paras Hospital Panchkula (250 beds), and Alchemist Hospital (186+ beds) operate in
a hyper-competitive environment, aggressively adopting Al technologies to signal market leadership. These hospitals have
invested in Al-integrated cath labs, robotic surgery platforms (Da Vinci), Al-assisted diagnostic imaging, and automated
patient engagement systems. The "hardware" of Al is visible and impressive. But the "software" — its integration into the
culture of care and its actual impact on whether patients feel heard, understood, and humanly connected to their providers
— remains an open and urgent question. This paper attempts to systematically answer it.

2. Theoretical Framework
2.1 The Technology-Organization-Environment (TOE) Framework
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To analyze the supply-side dynamics of Al adoption in the Tricity hospitals, this study employs the Technology-
Organization-Environment (TOE) Framework (Antes et al., 2021). The framework posits that organizational technology
adoption is shaped by three contextual dimensions:

Technological Perceived  usefulness, compatibility, | Al interoperability with existing HIS, reliability
complexity, data quality, reliability of diagnostic Al (e.g., at Fortis, Max)

Organizational Management support, financial slack, | CEO/Medical Director vision; IT readiness at
absorptive capacity, staff skills super-specialty institutions

Environmental Competitive pressure, regulatory | Intense competition among Mohali's corporate
framework, vendor support hospital cluster; ABDM policy push

Table 1: TOE Framework Applied to Tricity Hospital Context

The TOE framework is particularly apt because it transcends technological determinism. It acknowledges that even
superior Al solutions may fail to be adopted if organizational culture is resistant or if environmental conditions are
unfavorable — a critical insight given the significant "adoption-utilization gap" observed in Indian private hospitals.

2.2 The Adapted SERVQUAL Model

For measuring the demand-side impact on healthcare seekers, this study employs an Al-adapted version of the
SERVQUAL model (Parasuraman et al., 1988; Kuwaiti et al., 2023). The classic five-dimensional framework —
Tangibility, Reliability, Responsiveness, Assurance, and Empathy — is reinterpreted through the lens of Al-mediated
service delivery:

Tangibility Physical facilities & Visible Al infrastructure (robotic arms, digital | Strongly Positive
appearance kiosks, smart OTs)

Reliability Accurate, dependable Algorithmic precision; reduced diagnostic Positive
service error rates

Responsiveness Prompt service & 24/7 chatbots, automated triage, Al Strongly Positive
willingness to help scheduling (e.g., at Ivy, Paras)

Assurance Knowledge, courtesy & Technological credibility; Al as a marker of Moderately
trust institutional competence Positive

Empathy Individualized attention & | Human-Al balance; risk of depersonalization | Non-linear
emotional care through automation (Inverted-U)

Table 2: SERVQUAL Dimensions Adapted for AI-Mediated Healthcare Services

2.3 The Inverted-U Hypothesis: Formalizing the Empathy Paradox

The central theoretical contribution of this paper is the formalization of a non-linear hypothesis regarding Al adoption and
patient-perceived empathy. We propose that the relationship is not monotonic but follows an inverted-U trajectory, which
we term the "Empathy Curve."

At low levels of Al adoption (Stage 1 — Digitization), hospitals rely on basic EHR systems and minimal automation.
Patient interaction is predominantly human; empathy scores are moderate but constrained by systemic inefficiencies —
long wait times, administrative errors, and communication gaps all erode the quality of the human encounter.

At moderate levels of Al adoption (Stage 2 — Augmentation), Al systems absorb routine administrative and diagnostic
burdens. Appointment scheduling algorithms free front-desk staff; Al-driven triage reduces emergency wait times;
diagnostic Al provides faster, more accurate preliminary results. Healthcare professionals, unburdened from routine
cognitive tasks, can invest more deliberate attention in patient interaction. This is the zone of maximum empathy potential,
where technology serves as a liberator of human connection.

At high levels of Al adoption (Stage 3 — Automation), the patient-provider interaction is increasingly mediated by
screens, chatbots, and algorithmic recommendations. Patients begin to feel processed rather than cared for. The "warm
handshake" of the doctor-patient encounter gives way to the cold efficiency of a digital interface. For Indian patients —
who, as Witkowski et al. (2024) demonstrate, place a particularly high premium on direct human connection in sensitive
healthcare situations — this transition is especially damaging to perceived empathy.

3. The Tricity Healthcare Ecosystem: A Profile

3.1 Institutional Landscape

The Tricity hospital cluster represents a unique typology in the Indian healthcare landscape. Unlike the saturated markets
of Delhi and Mumbai, and unlike purely Tier-2 cities lacking advanced infrastructure, the Tricity in Punjab occupies a
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distinctive "Tier-2 Emerging" position — high institutional quality, diverse patient demographics, and intense inter-
institutional competition. The following table profiles the twelve hospitals constituting the study's sampling frame:

Fortis Hospital Mohali 375+ Robotic surgery, Al-integrated cath lab, Da JCI & NABH
Vinci system

Max Super Mohali 200+ 83 ICU beds, Al diagnostic imaging, modular | NABH

Speciality OTs

Hospital

Sohana Hospital | Mohali 400+ Robotic surgery, advanced eye care Al, super- | NABH
specialty Al diagnostics

Grecian Super Mohali 350 150 ICU beds, Al-assisted critical care, NABH

Speciality oncology Al

Hospital

Ivy Hospital Mohali 180+ Al-aided oncology & cardiac surgery, digital NABH
patient engagement

Shalby Hospital Mohali 145 6 Class 100 OTs, Al orthopaedics planning, NABH
robotic joint replacement

Paras Hospital Panchkula 250 60 ICU beds, Al neurosurgery support, digital | NABH
triage

Alchemist Panchkula 186+ Al nephrology protocols, critical care NABH

Hospital automation

Ojas Super Panchkula 123 Al cardiology & neurology diagnostics Accredited

Speciality

Hospital

Healing Hospital | Chandigarh 100-130 NABH super-specialty, digital OPD NABH
management

Eden Critical Chandigarh 120 Al-assisted trauma & critical care protocols Accredited

Care Hospital

Cloudnine Chandigarh ~60-100* Maternal Al monitoring, digital patient portals | NABH

Hospital

Table 3: Tricity Hospital Sampling Frame — Profile and Al Capabilities *Subject to verification of >100 bed
capacity during field visit

3.2 The Competitive Dynamics Driving AI Adoption

The concentration of NABH and JCI-accredited super-specialty hospitals within a 30 km radius creates a unique
competitive pressure. Fortis, Max, Sohana, and Grecian effectively compete for the same North Indian patient catchment.
This competition manifests not merely in clinical outcomes but in the "Total Patient Experience" — encompassing digital
pre-admission processes, Al-powered diagnostic speed, and automated post-discharge follow-up. For these institutions,
Al is as much a marketing instrument as it is a clinical tool, making the gap between Al adoption (the organizational
decision) and Al utilization (the operational reality) a particularly salient research concern.

3.3 The Digital Divide Within the Tricity

The Tricity presents a microcosm of India's broader digital divide. The large corporate hospitals of Mohali (Fortis, Max,
Sohana, Grecian) possess the financial resources and IT infrastructure to deploy sophisticated Al ecosystems. Smaller
institutions such as Ojas, Healing Hospital, and Eden Critical Care operate with more constrained CAPEX, and their Al
adoption is largely confined to basic digitization and EHR management. This variation within the cluster creates a natural
comparative framework for assessing whether Al adoption intensity meaningfully differentiates patient experience across
the spectrum.

4. The Optimization-Satisfaction Paradox: Unpacking the Mechanism

4.1 Where Al Delivers: The Efficiency Dividend

The evidence for Al's positive impact on operational SERVQUAL dimensions is strong and consistent across the
literature. In the Tricity context, the following mechanisms are likely operative:

Al-powered appointment scheduling systems deployed at institutions like Fortis and Max can reduce average OPD wait
times from 45-60 minutes to under 20 minutes — a dramatic improvement in the Responsiveness dimension. Al-assisted
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radiology at Max and Sohana reduces diagnostic turnaround time for complex scans, enhancing Reliability. The visible
presence of robotic surgical systems (Da Vinci at Fortis and Sohana) and Al-integrated cath labs serves as a powerful
Tangibility signal, communicating technological sophistication to patients. Al chatbots deployed for post-discharge
engagement (medication reminders, follow-up scheduling) address a critical Assurance gap in the Indian healthcare
system, where post-discharge abandonment of patients is a chronic complaint.

4.2 Where Al Falters: The Empathy Erosion

The empathy dimension presents a fundamentally different picture. Unlike the other four SERVQUAL dimensions,
empathy cannot be automated. It is, by definition, the capacity to understand and share the feelings of another — an
essentially intersubjective phenomenon that requires a human subject on both sides of the interaction. When Al systems
mediate the patient-provider encounter, they introduce what we term an "Empathic Buffer" — a technological
intermediary that, however sophisticated, cannot replicate the phenomenological experience of being recognized as a
suffering subject by another human being.

The Indian patient context amplifies this tension. As Witkowski et al. (2024) demonstrate, patients are significantly more
comfortable with Al in administrative and non-clinical tasks (appointment scheduling, billing inquiries) than in activities
that directly affect the doctor-patient relationship. For patients from the semi-rural and agrarian demographics who
constitute a significant portion of the Tricity's patient intake from Himachal Pradesh, Punjab, and Haryana, the encounter
with an Al chatbot in a moment of medical crisis can be not merely unsatisfying but actively distressing — a signal that
they are being processed rather than cared for.

4.3 The Adoption-Utilization Gap and Its Empathic Consequences

A critical, often overlooked dimension of this paradox lies in the adoption-utilization gap (Reddy et al., 2019). Hospitals
frequently implement Al systems — making the organizational commitment (adoption) — without ensuring that clinical
and administrative staff actually integrate these systems into routine service delivery (utilization). The result is particularly
damaging to empathy: patients encounter partially automated systems that neither deliver the efficiency of full automation
nor preserve the warmth of human interaction. In a semi-automated consultation, the physician is simultaneously trying
to interpret an Al-generated diagnostic suggestion on their screen and engage empathically with a frightened patient —
often doing neither well. This fragmentation of attention represents an iatrogenic empathy deficit, caused not by the
technology itself but by its incomplete integration.

5. Research Hypotheses
Drawing on the theoretical framework and the contextual analysis of the Tricity ecosystem, the study advances the
following hypotheses:

H: Technological factors (relative advantage, compatibility) are positively | TOE — Technological
associated with Al adoption intensity in Tricity private hospitals. Context

H- Organizational readiness (top management support, financial slack) TOE — Organizational
significantly mediates the relationship between technological capability | Context
and AT adoption.

Ha Environmental factors (competitive intensity, ABDM regulatory push) TOE — Environmental
are positively associated with Al adoption. Context

Ha Al adoption intensity is positively and linearly associated with SERVQUAL — Linear
Responsiveness, Reliability, Tangibility, and Assurance dimensions of | Dimensions
SERVQUAL.

Hs (Primary) | The relationship between Al adoption intensity and patient-perceived Empathy Curve / Paradox
Empathy follows a non-linear (inverted-U) trajectory, with moderate Hypothesis
adoption associated with peak empathy scores.

He The adoption-utilization gap moderates the relationship between Al Adoption-Utilization Gap
adoption intensity and all five SERVQUAL dimensions, with larger Model
gaps associated with reduced service quality improvements.

H There is a significant difference in Al adoption intensity between Institutional Heterogeneity
Mohali-based corporate hospitals and Chandigarh/Panchkula-based
institutions.

Table 4: Research Hypotheses

6. Research Methodology

6.1 Research Design

This study employs a Mixed-Method Research Design, integrating quantitative and qualitative paradigms in a sequential
explanatory sequence. The complexity of Al adoption — a socio-technical phenomenon embedded in organizational
culture and patient psychology — resists purely quantitative capture. The quantitative phase (Phase 1) generates
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measurement and statistical relationships; the qualitative phase (Phase 2) provides the interpretive texture necessary to
understand mechanisms, particularly the nuanced dynamics of empathy erosion.

Identify TOE factors affecting Descriptive + Causal | Structured Questionnaire A 70-80
Al adoption Management/Staff
Examine extent of Al adoption | Descriptive Adoption Checklist + 70-80

Questionnaire A Management/Staff
Analyze impact on healthcare Causal/Explanatory Structured Questionnaire B ~400 Patients
seekers (SERVQUAL) (OPD/IPD)
Identify barriers and challenges | Exploratory Semi-structured Interviews 15-20 CEOs/Medical

Directors

Table 5: Research Design Matrix

6.2 Sampling Design

The universe comprises all private hospitals in the Tricity with a bed capacity exceeding 100. This threshold serves as a
proxy for financial and infrastructural capability to have adopted non-trivial Al systems. Twelve institutions meet this
criterion (Table 3). The sampling strategy is differentiated by stakeholder type:

* Management/Staff Respondents: Census method applied to key decision-makers across 12 hospitals — Medical
Superintendents, Medical Officers, Nursing Superintendents, Supply Chain Officers, and IT Managers. Estimated n = 70-
80.

* Patient Respondents: Convenience sampling from OPD and IPD waiting areas. Sample size determined using
Cochran's formula: n = Z?pq/e? (Z=1.96, p=0.5, ¢=0.05) yielding n=385; target set at n=400 to account for non-response
attrition.

* Qualitative Respondents: Purposive sampling of 15-20 senior decision-makers (CEOs, Medical Directors, CIOs) for
in-depth interviews exploring strategic barriers, technology philosophy, and perceptions of the empathy-technology
tension.

6.3 Data Collection Instruments

6.3.1 Questionnaire A (Management/Staff)

Questionnaire A operationalizes the TOE framework across three sections. Section I captures hospital demographics (bed
capacity, accreditation status, location). Section II operationalizes Technological Factors (8 items), Organizational Factors
(7 items), and Environmental Factors (6 items) on a 5-point Likert scale (1=Strongly Disagree to 5=Strongly Agree),
adapted from Khanijahani et al. (2022). Section III presents an Al Adoption Checklist — a structured inventory of 22 Al
applications across clinical (diagnostics, robotics, ICU monitoring) and non-clinical (scheduling, billing, supply chain)
functions, rated on a 4-point scale of adoption depth (0=Not Adopted, 1=Planning, 2=Piloting, 3=Fully Deployed).

6.3.2 Questionnaire B (Patients)

Questionnaire B adapts the SERVQUAL gap model (Parasuraman et al., 1988) to the Al-mediated healthcare context. For
each of the five dimensions, patients rate both their Expectation (E) and their Perception (P) of service delivery on a 7-
point Likert scale, generating a gap score (P-E) for each dimension. The Empathy subscale (6 items) is the primary
dependent variable for testing Hs. Items include constructs such as "The hospital staff gave me individualized attention,"
"[ felt that staff understood my specific concerns," and "The technology used at this hospital made me feel more confident
that I was being personally cared for."

6.3.3 Qualitative Interview Protocol

Semi-structured interviews with senior administrators follow a protocol organized around four thematic areas: (a) strategic
rationale for Al investment, (b) perceived impact on staff-patient interaction, (c) staff resistance and training challenges,
and (d) administrator perceptions of the empathy-efficiency trade-off. Interviews will be audio-recorded, transcribed
verbatim, and analyzed using Thematic Content Analysis (Braun & Clarke, 2006).

6.4 Analitical Strateii

Cronbach's Alpha Internal consistency of all scales (a > 0.7 SPSS 26
threshold)

Exploratory Factor Analysis (EFA) Validate factor structure of TOE adoption scale SPSS 26

Confirmatory Factor Analysis (CFA) Confirm construct validity of SERVQUAL AMOS 26
adaptation
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Multiple Regression / PLS-SEM Test Hi-Ha, Hes, H7 (linear relationships) SPSS + Smart PLS

Polynomial Regression Test Hs (non-linear, inverted-U empathy SPSS 26 /R
relationship)

Response Surface Analysis Visualize the 3D Empathy Curve surface R (RSA package)

Independent Samples t-test / ANOVA Test H7 (Mohali vs. Chandigarh/Panchkula SPSS 26
difference)

Thematic Content Analysis Analyze qualitative interview data (Objective 4) NVivo / Manual

coding

Table 6: Analytical Methods and Tools

7. The Conceptual Research Model

The integrated conceptual model for this study is presented below. It situates the TOE framework as the explanatory
architecture for Al adoption, and the adapted SERVQUAL model as the outcome framework, with the Adoption-
Utilization Gap and Hospital Characteristics as moderating variables. The primary innovation is the posited non-linear
path from Al adoption to Empathy.

Independent Technological Factors: Relative Advantage, Compatibility, | Predictors of Al Adoption
Variables (TOE) Complexity, Data Quality Organizational Factors: Mgmt Support, | Intensity

Financial Slack, IT Readiness, Staff Skills Environmental Factors:
Competitive Pressure, ABDM Regulation, Vendor Ecosystem

Mediating Al Adoption Intensity Score (composite from Adoption Checklist) Bridge between supply-
Construct side drivers and demand-
side outcomes

Moderating Adoption-Utilization Gap; Hospital Size (beds); Accreditation Status | Condition under which
Variables (NABH/ICI) adoption  translates  to
quality outcomes
Dependent Tangibility Gap, Reliability Gap, Responsiveness Gap, Assurance | Patient-perceived service
Variables Gap, Empathy Gap (P-E scores) quality outcomes
(SERVQUAL)
Primary Non- | Al Adoption Intensity — Empathy (Inverted-U / Polynomial) Core  hypothesis:  The
Linear Path Empathy Paradox

Table 7: Integrated Conceptual Model Structure

8. Expected Findings and Contributions

8.1 Theoretical Contributions

This study makes three primary theoretical contributions. First, it extends the SERVQUAL framework to Al-mediated
healthcare services, providing an operationalized toolkit for researchers investigating technology-service quality
relationships in emerging markets. Second, it formally theorizes and empirically tests the non-linear Empathy Curve
hypothesis, contributing to the nascent literature on the limits of technological rationality in affective service domains.
Third, by integrating the TOE framework with SERVQUAL in a single study — bridging supply-side adoption analysis
and demand-side service quality measurement — it addresses a persistent theoretical siloing identified in the research gap
synthesis.

8.2 Empirical Contributions

Empirically, this study provides the first comprehensive mapping of Al adoption intensity across the Tricity super-
specialty hospital cluster, filling a documented geographical gap in the Indian healthcare Al literature (Ahmed et al., 2023;
Dhiman et al., 2023). The multi-stakeholder design — simultaneously capturing administrator, staff, and patient
perspectives — enables a triangulated assessment of the "Perception Gap" between provider assumptions and patient
experiences of Al-enabled care.

8.3 Policy and Managerial Contributions
For hospital administrators at institutions such as Fortis, Max, and Sohana, this research offers a diagnostic framework
for calibrating Al investment strategy. Specifically, it provides empirical guidance on the question: at what point does
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additional Al investment begin to yield diminishing returns on patient satisfaction, and indeed potentially negative returns
on empathy? For NITI Aayog policymakers advancing the ABDM agenda, the findings speak directly to the equity
implications of the Al adoption agenda — ensuring that the push for digitization does not inadvertently create a patient
experience characterized by efficiency without humanity.

Hospital Administration (Fortis, Max, | Evidence-based Al calibration strategy; identification of the empathy-
Sohana, etc.) efficiency "sweet spot"

Policy Makers (NITI Aayog, MoHFW) Ground-level data on Tier-2 Al adoption barriers; input for regional health
informatics policy

Patients Advocacy for human-centered Al deployment standards in private
healthcare

Academicians Validated TOE-SERVQUAL integration model; Empathy Curve
hypothesis for replication

Healthcare Technology Vendors Understanding of where Al augmentation vs. replacement strategies
backfire

Table 8: Research Beneficiaries and Value Proposition

9. Limitations and Delimitations

The geographical delimitation of the study to the Tricity imposes both strength and constraint. While it enables a focused,
contextually rich analysis, findings may not generalize to metropolitan centers (Delhi, Mumbai) with more mature Al
ecosystems, or to Tier-3 cities where basic digitization remains aspirational. The exclusion of public hospitals introduces
a systematic bias towards privatized, commercially-oriented healthcare systems, which may respond to Al adoption
incentives differently than government facilities. Cross-sectional survey data cannot establish causal directionality — the
non-linear empathy relationship, while theoretically supported and empirically tested, will require longitudinal validation.
Finally, the use of convenience sampling for patient respondents, while pragmatically necessary in hospital settings, may
introduce self-selection bias toward more digitally literate patients who are disproportionately comfortable with Al-
mediated services.

10. Conclusion: Toward a Compassionate Algorithm

The integration of Al into India's private hospital sector is neither inherently emancipatory nor inherently dehumanizing.
It is, rather, what its organizational deployers and human users make of it. This paper has argued that the prevailing
narrative — that Al adoption straightforwardly improves patient experience — is theoretically incomplete and empirically
suspect with respect to the empathy dimension of service quality. The Optimization-Satisfaction Paradox proposed here
demands a more sophisticated understanding of Al's role in healthcare. When Al frees a nurse from the burden of manual
appointment management, allowing her to spend more time with a frightened patient, Al is a force for humanization.
When Al replaces the triage nurse's initial patient conversation with a chatbot interaction, the efficiency gain is purchased
at the cost of the first, often most psychologically significant moment of human contact in the patient's hospital journey.
The Tricity hospitals — from the gleaming robotic surgery theaters of Fortis Mohali to the focused critical care of Healing
Hospital Chandigarh — sit at different points on the Al adoption spectrum. By rigorously mapping these positions and
systematically connecting them to patient-perceived empathy scores, this study aims to provide not just an academic
contribution but a practical compass: guiding the $37%-CAGR Indian healthcare Al market toward a future in which the
algorithm serves the human encounter, rather than supplanting it.

The ultimate standard for Al adoption in healthcare is not operational efficiency. It is whether a patient, in a moment of
fear and pain, feels seen, heard, and cared for. That is the benchmark this research holds firm.
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