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• Large language models (LLMs) have shown promise in clinical practice and 

clinical research applications in analyzing medical text records, such as radiology 

reports of renal ultrasounds for patients with spina bifida undergoing evaluation 

for hydronephrosis

• LLAMA-2 is an LLM developed by a Stanford-Meta collaborative project and was 

trained on 13 billion parameters with wide-ranging potential applications

• To evaluate the “out-of-the-box” capability of LLAMA-2 to accurately extract text-

based clinical data in order to identify the presence or absence of hydronephrosis 

in renal ultrasound reports among a cohort of pediatric patients with spina bifida

• Identified two independent test sets of renal ultrasounds at two separate pediatric 

hospitals ((Children’s Hospital of Philadelphia (CHOP) and the Hospital for Sick 

Children (Sickkids)) 

• Each test set consisted of radiologist impressions from renal ultrasounds 

performed for pediatric patients with spina bifida

• Each ultrasound report impression was manually reviewed and labelled for 

the finding of any degree of hydronephrosis in either kidney

• CHOP test set: 2,392 renal ultrasounds

• Sickkids test set: 110 renal ultrasounds

• LLAMA-2 was installed on a secure server and underwent no additional training 

or modification

• LLAMA-2 was asked to evaluate each ultrasound report impression for the 

presence of any degree of hydronephrosis and provide a binary classification 

(“hydronephrosis present” or “no hydronephrosis present”) 

• The search history of LLAMA-2 was cleared between each query so prior inputs 

did not bias/inform subsequent model outputs

• LLAMA-2 classifications were compared to the manually-derived labels using a 

confusion matrix (2x2 table comparing model classification versus labels)

• Accuracy, sensitivity, specificity, positive predicted value (PPV), negative 

predictive value (NPV), and F1 score (the harmonic mean of PPV and sensitivity 

between 0 and 1 where 1 indicates perfect PPV and sensitivity) for the finding of 

hydronephrosis were calculated for each test set

• LLAMA-2 provides a binary output without classification probabilities or 

modifiable decision thresholds so ROC curves were unable to be calculated

• Our findings suggest a future clinical application for LLAMA-2 and other LLMs in 

automatically, rapidly, and accurately extracting information from medical text 

records, making tedious manual chart review obsolete and enhancing the 

efficiency of research as well as clinical care 

• Small retrospective cohort of narrow patient population (pediatric patients with 

spina bifida)

• Evaluated only the binary outcome of hydronephrosis versus no hydronephrosis 

• Evaluated LLAMA-2 which was the version available at the time of data analysis. 

An updated model, LLAMA-3, has now been released with possible 

improvements in performance

Table 1. Confusion matrix of results comparing LLAMA-2 model classification 

of the presence of hydronephrosis in a renal ultrasound impression (rows) 

compared to labels based on manual review of the renal ultrasound 

impression (columns) for the CHOP test set. 

Table 2. Confusion matrix of results comparing LLAMA-2 model classification 

of the presence of hydronephrosis in a renal ultrasound impression (rows) 

compared to labels based on manual review of the renal ultrasound 

impression (columns) for the Sickkids test set.

No Hydronephrosis Hydronephrosis

Predicted No Hydronephrosis 1825 176

Predicted Hydronephrosis 50 341

No Hydronephrosis Hydronephrosis

Predicted No Hydronephrosis 24 11

Predicted Hydronephrosis 5 70

Table 3. LLAMA-2 model performance metrics for identification of 

hydronephrosis in renal ultrasound impressions from pediatric patients with 

spina bifida in two independent test sets at two separate institutions. 

Test Set

CHOP SickKids

Accuracy (%) 90.6% 85.5%

Sensitivity (%) 66.0% 86.4%

Specificity (%) 97.3% 82.8%

PPV (%) 87.2% 93.3%

NPV (%) 91.2% 68.6%

F1 score 0.75 0.90

FUTURE DIRECTIONS
• Repeat analysis using LLAMA-3 and future LLMs as LLM technology advances

• Use LLMA to analyze ultrasound reports to determine both the presence of 

hydronephrosis and the grade of hydronephrosis if hydronephrosis is present

• Test model with broader patient populations

• Develop automated pipeline for LLM analysis of renal ultrasound reports for the 

presence and severity of hydronephrosis

DISCUSSION
• LLAMA-2 demonstrated good performance in evaluating renal ultrasound report 

impressions from pediatric patients with spina bifida for the presence or absence 

of hydronephrosis

• LLAMA-2 classification performance was similar between the CHOP test set and 

the Sickkids test set suggesting fairly generalizable performance across 

institutions

• LLAMA-2’s good ”out-of-the-box” performance suggests a potential role for 

commercially available LLMs in clinical and biomedical research applications with 

minimal required additional training at the level of an individual institution
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