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analytics, demonstrating how informatics
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in aggregated quantitative scores.
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evaluated 5,789 free-text comments
across 8 domains (Staff Behavior,
Wait Time, Check-in, Physical
Environment, Communication,
Comfort, Results Delivery,
Scheduling) (Figure 1). We
calculated net sentiment (% positive
minus % negative mentions) by
site/region and used ANOVA to test
performance gaps. Findings were
categorized as universal issues,
localized underperformance, or best-
practice leaders.
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RESULTS

Despite comparable top-box rates (78-91% scoring 5/5), NLP separated
three patterns (Figure 2):

» Check-in had negative sentiment across all regions (net -2.4% to
-0.7%), consistent with an enterprise-wide process problem.

« Wait Time negativity concentrated in a two regions (Site A and D) (net
+7.9% vs +20.6% top performer; p< 0.001), indicating a targeted
operational opportunity.

« Staff Behavior was strongly positive overall (+64.5% net; 4,076 positive

mentions), with one region (Site E) significantly outperforming peers
(+69.4% vs +65.2% next-best), enabling internal best-practice
identification.

Automated processing required < 5 minutes versus an estimated 40+ hours

for manual review.

* NLP enables rapid analysis of large volumes of unstructured patient
feedback, capturing actionable insights not accessible through quantitative
scores alone.

* In this study, NLP differentiated site-specific issues, enterprise-wide
challenges, and high-performing regions, all of which were masked by
uniformly high top-box scores.

* These findings support prior work demonstrating that narrative analysis
can inform targeted operational improvements and enhance patient
experience.

+ Consistent with existing radiology literature, patient concerns were
primarily driven by operational and interpersonal factors rather than
diagnostic quality.

* This framework provides a scalable approach to translating patient
comments into actionable intelligence at both the site and enterprise level.
A key limitation is that ~45% of surveys lacked free-text comments,
introducing potential response bias.

* Future work will focus on implementing targeted interventions based on
NLP findings and assessing their impact on patient experience metrics.
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