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Assessment: Watson 1.0 

2011 Objective: Deploy NLP & reasoning capabilities to enhance Utilization Management (UM) & 
oncology decision support, improve speed & quality of prior authorization, and eventually personalize 
oncology care with MSK-trained models.  Cost to launch: $1.4B adjusted, $1B in 2011-2014 

What Was Strong 

1. Clear Market Problem Definition 

 Rapidly rising healthcare costs and a shortage of clinicians created a legitimate use case for 
automation and AI-augmented review. 

 Utilization management and oncology were well-selected entry points: high cost, high 
documentation burden, and suitable for rule-based triage. 

2. Enterprise-Level Data Commitment 

 25,000+ case scenarios, > 14,700 h of nurse training to train Watson on UM protocols. 

 Oncology (viaMSK) trained Watson using real-world, but single sourced, > 600,000 pieces 

3. Strong Internal Enthusiasm & Provider Trials 

 Five large Midwest providers onboarded early. 

 High nurse acceptance (~90%) of Watson’s recommendations in narrow use cases. 

 Ambitious scaling plans for 1M UM cases/month, covering 30% of outpatient procedures. 

4. Well-Orchestrated Marketing Language 

 Positioned as a transformation tool, not just a process eƯiciency layer. 

 Tied Watson to larger narratives around ACOs, access to care, evidence-based medicine. 

 What Was Weak or Risky 

1. Over-Reliance on "Watson" Brand and Hype 

 Watson was still a rules-heavy NLP engine in 2012–13—not adaptive machine learning. 

 Internally, confidence scores of ~90% were cited, but MSK data showed Watson was right only 
~33% of the time in complex oncology cases. 

 Describing Watson as “learning” was aspirational more than reality—much of its function 
resembled deterministic clinical decision support (CDS), not true AI. 
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2. Inadequate Integration with Physician Workflow 

 Voice recognition and EMR integration were repeatedly raised as critical needs 

 Training Watson on MSK-only oncology protocols raised concerns about oƯ-label prescribing habits 
not matching community practice. 

 Lack of direct compensation for oncologists participating in alpha/beta testing was flagged as 
misaligned with practice economics. 

3. Limited Generalizability and Use Case Scope 

 The early rollout was tightly focused on 8 medical policies and select outpatient procedures—not 
enough to be a game-changer. 

 Oncology pilots were too narrow (lung cancer, stage 4) and lacked dynamic adaptation to 
comorbidities or older patients—limitations in real-world Medicare oncology populations. 

What Was Wrong or Failed 

1. Watson Was Not Truly AI in the Modern Sense 

 Lacked adaptive learning, contextual generalization, or transparency in model reasoning. 
 Performance dependent on how well it had been pre-trained on highly structured case sets. 
 Did not handle unstructured, real-time clinical nuance eƯectively. 

2. Misaligned Incentives and User Experience Friction 

 Oncologists faced documentation burden, and many did not see value from Watson outputs 
compared to NCCN guidelines. 

 Stuart’s critique (NY ACO) reveals practical obstacles: Watson was clunky, didn’t align to how 
community physicians staged, charted, or sought prior authorization. 

 Complex reimbursement landscape, oncologists reluctant to adopt non-billable tools. 

3. Lack of Scalability Beyond Scripted Scenarios 

 While Watson showed promise on constrained tasks (e.g., pre-summarized UM cases), its performance 
dropped with raw, unsummarized, or unstructured data. 

 25,000 training cases, but variability in clinical workflows limited real-world performance. 

Partner Fit Assessment 

Payer– Strategic Fit, Strong Intent 

 Massive scale, payer-side UM pain points, and desire for innovation made WellPoint  ideal 
 Willing to invest clinical labor (nurse hours) and data assets. 
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 However, WellPoint likely overestimated both the technical maturity of Watson and the provider-
side willingness to adopt non-reimbursable tooling. 

IBM – Overpromised Capabilities 

 Watson  in its infancy; marketed as intelligent, but operated as  rule-based expert system. 
 The Jeopardy win created unrealistic expectations for its medical utility. 

MSK – Narrow Excellence, Poor Representativeness 

 MSK is elite and treats atypical cancer cases (often oƯ-label); this skewed training and made 
Watson recommendations less relevant for general oncologists. 

 Should have included community oncology partners (as Stuart noted) in early-stage training to 
balance institutional bias. 

What Could Have Been Done DiƯerently 

1. Start With Broader Community Oncologist Training 

 MSK-only training limited applicability and introduced oƯ-label bias. 
 Including training sets from non-academic sources, would provide clinical generalizability. 

2. Refine the Scope to What Watson Could Actually Do 

 Instead of marketing it as AI, frame it as "next-gen CDS with confidence scoring." 
 Focus on high-volume, low-complexity automation (e.g., common procedures) instead of trying 

to tackle personalized oncology too early. 

3. Build Real-Time Workflow Integrations 

 EMR / dictation support (e.g., voice-to-text into Watson) should have been a priority. 
 Without seamless workflow, adoption by busy physicians was unlikely. 

4. Include Incentive Models for Providers 

 Reimbursement for time spent training or testing Watson. 
 Inclusion in P4P or value-based programs could have aligned financial interest. 

5. Avoid the Watson Monolith Rather than branding every subcomponent under "Watson," they 
could have modularized and clearly labeled the capabilities—e.g., Watson Assist (CDS), Watson 
Review (UM triage), etc. 

 

 In today’s landscape, this model would only work if rebuilt around these 2025 truths: 

 Transparent AI Models: Providers expect explainability. Model that can’t show its work, nogo 
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 Clinician-in-the-Loop Governance: AI must augment—not dictate—care. 
 FHIR Interop / Workflow Integration: Plug-and-play APIs or SMART on FHIR, embedded in EHRs. 
 Data Diversity/ Bias Mitigation: Must train on multi-site, demographically representative datasets. 
 Outcome Accountability: “faster approval” or “better treatment” must be proven with peer-

reviewed studies, not dashboards. Soft pend-denials are not decisions,  

 

Dimension Assessment 

Strategic Fit 脥� Good payer-side fit, wrong time for provider-side integration 

Product Design  Overengineered for hype, under-delivered in practice 

AI Maturity  Not truly AI—more like expert rules engine wrapped in NLP 

Market Readiness  Too early for oncology personalization w/o reimbursement support 

Scalability  Poor generalization beyond narrow scripted domains 

2025 Viability 脥� If rebuilt with transparent LLMs, EMR integration, and provider trust 

 

굅굃굆 Return on Investment: Value Creation vs. Value Loss 

E Lens 2013–2015 Value 2025 Comparison Commentary 

Technical 
Capability 

Modest—Watson 
operated more like a 
rules-based NLP engine 
with confidence scoring 

Equivalent functionality now 
available via fine-tuned 
open-source LLMs, at 
fractional cost 

GPT-4-class models can now 
interpret unstructured medical 
notes, synthesize guidelines, 
and even draft UM responses 

Workflow 
Integration 

Poor – No native EMR 
support, limited 
physician UX buy-in 

2025-native AI tools integrate 
via FHIR, SMART, CDS 
Hooks 

Clinical decision support and 
UM s/b embedded directly in 
Cerner, Epic, athena, etc. 

Trust and 
Accuracy 

Weak – Cancer advisor 
right ~33% of time; trust 
eroded quickly 

Modern LLMs can deliver 
clinician-in-the-loop 
workflows with explainability 
and improved guardrails 

Watson's overpromising + 
underdelivery damaged 
credibility 

Market 
Impact 

<5% adoption, mostly 
pilots 

Current AI-first UM solutions 
show 10x cost-to-process 
eƯiciency, are cloud-native, 
and oƯer real-world ROI 

Today's UM automation (e.g., 
Olive, Cohere, InterQual 
automation) delivers better 
results for <$50M 
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脥깢깣 What You Could Buy for $1.4B in 2025 Terms 

Investment Equivalent Value 

Fully Integrated LLM Platform for all UM ~$50–100M (pre-trained, domain adapt, FHIR, interfaces) 

 Interoperability Layer for UM Automation ~$300M for 100M+ covered lives via shared APIs 

Clinical Validation, launch 1K Systems ~$200M ( UX, EMR workflows, governance) 

Multilingual, Multimodal ,  Care Navigation  ~$250M to rival commercial AI vendors 

Buy Two  AI Startups (e.g., Nabla +Abridge) Combined valuation <$1.4B in 2025 

Strategic Value Lost 

Watson Health was sold oƯ by IBM in 2022 for less than $1 billion, including multiple assets—not just the 
Watson UM/oncology systems. That suggests: 

 Depreciation of core IP:  tech stack was not viewed as defensible or competitive. 

 Sunk-cost liability: IBM eƯectively exited healthcare AI after this failed experiment. 

Bottom Line: Value of Watson 1.0 in 2025 

Lens Valuation/Equivalent 

Asset Value <$50M for core technology (now obsolete) 

Strategic Learning Value Moderate – cautionary tale in AI overhype 

Rebuild Cost with Today’s Tech ~$25M–$100M depending on scope 

Perceived ROI (2025) Net negative; more reputational damage > technological gain 

Opportunity Cost Massive – could have funded multiple high-impact, clinician-
validated tools w interoperable, explainable, and adopted 

Lesson in What Not to Do in AI for Healthcare -  It failed because of technical immaturity, and: 

 Misaligned incentives with providers 
 Lack of true adaptability 
 Absence of outcome accountability 
 Overinvestment in brand and underinvestment in UX and data diversity 

A fraction of that cost less than 10% could today deliver a more scalable, trusted, and eƯective AI solution 
that clinicians would actually use. 


