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INTRODUCTION

* Over 85 million computed tomography (CT) scans are performed
each year, providing diagnostic insights into patient health [1]

* Opportunistic CT involves leveraging existing CT scans to generate
additional diagnostic insights beyond their original purpose,
potentially identifying underdiagnosed conditions [2-4]:

1. Sarcopenia: Progressive loss of skeletal muscle mass and strength

2. Hepatic Steatosis: Excessive fat accumulation in the liver

3. Ascites: Pathological accumulation of fluid in the abdominal

cavity

e Despite their clinical relevance, these conditions are often under-
recognized in electronic health records (EHRs)

* Manual assessment of muscle mass, liver morphology, and fluid

accumulation is time-consuming and prone to variability.

* GOAL: To evaluate 2,674 inpatient CT scans and
explore discrepancies between imaging findings,
radiology report findings, and ICD-coding for

sarcopenia, hepatic steatosis, and ascites.
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Figure 1: Schematic: 1) Data processing, 2) Opportunistic C1, 3) Diagnosis analysis

* Data Acquisition:

* Retrospective CT dataset from a single medical center (2014-2018),
comprising 23,540 patients and 33,548 CT scans

e Body Composition Analysis:

* Comp2Comp [5] uses convolutional neural networks to segment
CT images, enabling consistent and reproducible extraction of
body composition metrics

* (riteria for Clinical Diagnosis:

* Sarcopenia:

L3SMI—47.5 L3SMI—60.9
o [-Score = — and for female and male
1-1 L3SMA
e BMI-Z-Score = where [ =
Score SD(I)’ cre height

* Hepatic Steatosis:
e Liver Attenuation < 90 HU
Liver-Spleen Attenuation Difference < -19 HU

* Ascites: Fine-tuned Merlin [6] model for Ascites prediction
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RESULTS & DISCUSSION

Sarcopenia Detection with Opportunistic CT
a) Patient with Sarcopenia b) Patient without Sarcopenia
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Opportunistic CT Ves Radiologist Comment (Post-Hoc): Opportunistic CT
detected sarcopenia? Muscle area (coral) is reduced in this detected sarcopenia?
atient, and subcutaneous and visceral
ICD-Coded? N .
adipose tissue are increased.

No Radiologist Comment (Post-Hoc):
Muscle area (coral) is within normal
ICD-Coded? No range in this patient.

Figqure 2. Sarcopenia - Opportunistic detection and ICD coding

Hepatic Steatosis Detection with Opportunistic CT

a) Case 1 - True Positive Report b) Case 2 - False Negative Report
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Opportunistic CT Ves e Opportunistic CT Radiologist Comment (Post-Hoc):
detected steatosis? Radiologist Comment (Post-Hoc): detected steatosis? Liver and spleen segmentation shows diffuse liver

ICD-Coded? No The liveris diffusely hypoattenuatmgbelow the absotute S0 ICD-Coded? hypoattenuation below the absolute 90 HU threshold
HU threshold and relative to the spleen (Mean HU : . :
Radiology Report and relative to the spleen (Mean HU difference: 27),

Radiologyv Report difference: 38), suggestive of steatosis. This was _ , , ,
Mentiongsy“Stsatosis” o mentioned in the radiology report. Mentions sugestlve O SICEICEIEMIERTZEINnot mentioned in the
“Steatosis” radiology reports

Ascites Detection with Opportunistic CT
a) Case 1 - True Positive Report b) Case 2 - False Negative Report
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Opportunistic CT s Opportunistic CT - Radiologist Comment (Post-Hoc):

detected ascites? Radiologist Comment (Post-Hoc): detected ascites? Axial images of the abdomen show ascites in

ICD-Coded? No Axial images of the abdomen show ascites in ICD-Coded? the right paracolic gutter. The radiology report
the left paracolic gutter. This was mentioned in mentions fluid collection in the abdomen more

Radiology Report : Radiology Report . o :
. ly butd t ficall t
Mentions “Ascites” Yes the radiology report Mentions “Ascites” superiorly but does {70 specifically mention
the presence of ascites

Figure 3. Ascites - Opportunistic detection, radiology report diagnosis, and ICD coding

CONCLUSIONS

* Found substantial discrepancies b/w condition prevalence and coding:

e Sarcopenia: Out of scans diagnosed through opportunistic imaging,
only 0.5% scans were ICD-coded

*Hepatic Steatosis: Out of scans diagnosed through opportunistic
imaging or radiology reports, only 3.2% scans were ICD-coded

® Ascites: Out of scans diagnosed with ascites through opportunistic
imaging or radiology reports, only 30.7% scans were ICD-coded
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