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Abstract: The relative efficacy of natural language processing (NLP) of text 
reports compared to structured data queries for identifying patients from 
electronic health records (EHRs) with metastatic cancer remains unclear. Such 
identification is critical for identifying and recruiting potential study candidates 
for cancer trials, particularly trials of cancer chemotherapy. For such purposes, 
we performed a direct comparison between NLP and structured data query 
methods for identifying patients with metastatic melanoma. Using EHR data 
from two large institutions, we found that NLP of text reports identified close 
to three times as many patients with metastatic melanoma compared to a 
structured data query algorithm (1,727 vs. 607 patients). Using an external 
tumour registry, we also found NLP had much higher sensitivity than structured 
query for identifying such patients (67% vs. 35%). Our results emphasise the 
importance of employing NLP criteria when identifying potential cancer study 
candidates with metastatic disease. 
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1 Introduction 

Clinical trials are essential to determining the effectiveness of new cancer treatments, but 
less than 5% of adults with cancer enrol in such trials (Kehl et al., 2014). Others have 
demonstrated that clinical trial alert systems can efficiently increase clinical trial 
recruitment rates, but these systems rely on electronic health records (EHRs) as a means 
of automatically identifying study candidates who meet defined eligibility criteria (Embi 
et al., 2005; Thadani et al., 2009; Cuggia et al., 2011). With a goal of enhancing cancer 
trial enrolment rates, we compared the relative efficacy of natural language processing 
(NLP) of EHR text reports to EHR structured data queries for identifying patients with 
metastatic melanoma. 

For many cancer trials, the presence or absence of metastatic disease is a critical 
distinction. Metastatic disease is a very important indicator of patient prognosis, as well 
as frequently serves as the primary inclusion criterion for trials of cancer chemotherapy. 
A small number of studies have examined the ability of NLP of text reports to identify 
such metastatic disease (Coden et al., 2009; Carrell et al., 2014; Nguyen et al., 2010; 
Spasić et al., 2014), whereas others have examined the ability of using ICD9 codes to 
identify metastatic disease (Chawla et al., 2014; Eichler and Lamont, 2009; Nordstrom  
et al., 2012; Quan et al., 2008). 

Yet, the relative efficacy of NLP compared to EHR structured data queries (including 
ICD9 codes) for identifying metastatic disease remains unclear as a result of the small 
number of studies, inconsistent results among studies, and few direct comparisons. We 
describe below the results of such a direct comparison between NLP and structured data 
query methods for identifying patients with metastatic melanoma. 

2 Materials and methods 

2.1 Study design 

We conducted a retrospective study to identify patients with metastatic melanoma from 
EHRs using two distinct approaches: 

1 based on structured data queries 

2 based on NLP algorithms applied to text reports. 

The Indiana University Institutional Review Board approved this study. 

2.2 Data sources 

• Identifying eligible patients from EHR data: We used both structured and text report 
data from the Indiana Network for Patient Care (INPC) to identify patients with 
metastatic melanoma. The INPC, one of the nation’s oldest and largest health 
information exchanges, integrates patient data across participating institutions using 
global patient identifiers. Data available in the INPC include diagnoses, procedures, 
pharmacy claims, orders, laboratory results, and text reports such as discharge  
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summaries, radiology reports, and pathology reports. We chose to limit our study to 
two of the oldest and largest clinical institutions in the INPC because: 
1 those institutions had long sent the richest structured data to the INPC as a result 

of heavy clinical use 
2 the text reports from those same two institutions had previously been indexed 

for Regenstrief’s NLP platform. 

• External gold standard used for validation: The Indiana Tumor Registry served as 
the external ‘gold standard’ source of metastatic melanoma cases. We used this 
external registry to estimate the sensitivities of the two algorithms under study. We 
included all cases of metastatic melanoma in the registry that could be matched to 
INPC global identifiers for patients with at least one clinical visit to one of the study 
institutions within one year before or after the diagnosis date in the registry. 

2.3 Inclusion and exclusion criteria for the structured data query and NLP 
algorithms 

The target population included all patients of age 21 years or older who had any clinical 
records in the INPC at the two study institutions between 1 January 2005 and  
31 December 2013. Patients identified as prisoners were excluded. 

• NLP: The NLP algorithm searched INPC text reports from the two institutions 
during the study years. Patients were judged to have NLP evidence of metastatic 
melanoma if they had text reports with the string ‘melanoma’ and derivatives of the 
word ‘metastasis’ (e.g., mets, metastases, and metastatic) within five-word  
phrases – with the following exception: we did not categorise five-word phrases as 
‘positives’ when they met either of the following criteria: 
1 they were categorised as ‘negated’ or ‘possible’ using NegEx-derived software 
2 they were categorised as being in the family history section or otherwise 

associated with other family members or friends per Regenstrief’s own family 
history annotator. 

For purposes of clarity, we considered patients who had both positive NLP evidence 
of metastatic melanoma in at least one text report, as well as negated instances (or in 
the family history) in either the same or other text reports, as affirmed or overall 
‘positive’ cases of metastatic melanoma. In addition, we note that we did not use 
chemotherapy medication data as NLP criteria to identify patients. 

• Structured data query: Eligible patients were included from the target population if 
they had at least one ICD-9 code (172.*) or local code consistent with melanoma, as 
well as a concurrent or subsequent ICD9 code (ICD9 198.* or 199.*) or local code 
consistent with metastasis. Such local codes were commonly derived from physician-
maintained patient problem lists. Patients were excluded if they had cancer codes 
inconsistent with melanoma falling in time between the melanoma code and the 
metastasis code. We also included patients who had structured data (orders or claims 
data) indicating they had received a medication specific for treating metastatic 
melanomas (ipilimumab, vemurafenib, or trametinib) or had a BRAF test. 
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2.4 Validation through chart reviews 

Chart reviews to establish the ‘gold standards’ used for estimating positive predictive 
values (PPVs) were conducted for all cases identified by the structured data query (which 
by necessity included all cases in the overlapping zone), as well as a 50% random sample 
of those identified by NLP alone. Charts reviewed in each zone were treated as a random 
sample of all identified charts within each zone. All of the chart reviews and consensus 
discussions discussed below were conducted in blinded fashion, without knowledge of 
the zone from which a particular chart was chosen. 

We used two chart reviewers with clinical backgrounds (one a nurse practitioner, the 
other an overseas-trained physician) to review separate sets of sampled charts, with the 
initial charts reviewed by both until they consistently arrived at identical conclusions, as 
well as had the opportunity on several occasions to clarify details of the review process 
with the investigators using real patient examples. They were instructed to classify each 
chart as ‘definite positive’, ‘definite negative’, or ‘unsure’ for the occurrence of 
metastatic melanoma. 

The chart reviewers were further instructed to classify the ‘unsures’ as ‘unsure but 
possible’ versus ‘clinically no’. The ‘unsure but possible’ typically had too little 
reviewable information to make a definitive judgement call. The classic case of the 
‘clinically no’ had many occurrences referring to an unrelated cancer (e.g., ‘metastatic 
lung cancer’), but in a single text report, one sentence would refer to ‘metastatic 
melanoma’. The chart reviewers, as well as Dr. Dexter, believed that these cases were 
almost undoubtedly a case of mistaken transcription and/or provider error. 

After the independent reviews by each reviewer, a consensus review was conducted 
on all charts that were classified as ‘unsure’. The chart reviewers were encouraged to 
consult with Dr. Dexter and among themselves for all open questions, with the former 
serving as the final arbiter on those very few cases (<5) for which the chart reviewers did 
not independently come to consensus. 

2.5 Statistical methods 

• Estimation of PPVs: We used the Venn diagram approach previously developed for a 
different phenotype in the INPC (Rosenman et al., 2014). Briefly, we drew a Venn 
diagram whose different zones contained cases of metastatic melanoma identified by 
NLP alone, by the structured data query alone, or by both. Samples were drawn from 
each zone for manual ‘gold standard’ chart reviews. The PPV (defined as the 
proportion among all identified cases that were ascertained to be true cases) of NLP 
and the structured data query were estimated with standard errors using weighted 
analyses based on the sampling weights. 

• Estimation of sensitivities: The external ‘gold standard’ cases of metastatic 
melanoma came from the Indiana Tumor Registry, using registry patients who had 
records in the INPC indicating that they had received clinical care in at least one of 
the two study institutions within a year of the patients’ tumour registry dates. All 
metastatic melanoma cases in the tumour registry were considered true cases. The 
sensitivity of each algorithm was defined as the proportion of external “gold  
 



   

 

   

   
 

   

   

 

   

    A comparison of structured data query methods 107    
 

 

    
 
 

   

   
 

   

   

 

   

       
 

standard” patients that could be identified by the algorithm. Again, sampling weights 
were used in the estimation of sensitivities and their standard errors. 

• Comparisons between algorithms: We used the 95% confidence intervals to compare 
the PPVs between the structured data query and NLP algorithms. PPVs were 
considered significantly different (nominally, that is, without multiple comparison 
consideration) if their 95% confidence intervals did not overlap. 

3 Results 

NLP identified a total of 1727 patients with metastatic melanoma (zones A and B in 
Figure 1). The structured data query identified a total of 607 patients with metastatic 
melanoma (zones B and C in Figure 1). A total of 512 patients were identified by both the 
structured data query and NLP (zone B in Figure 1). 

Figure 1 A Venn diagram drawn to scale showing the number of unique patients identified as 
having metastatic melanoma, the number of charts reviewed for validation (in 
parentheses), and the PPV for the three zones 

 

Notes: Zone A = patients identified only by NLP. Zone B = patients identified by both 
NLP and structured query. Zone C = patients identified only by structured query. 
For these purposes, we calculated PPVs only using ‘definite yes’ chart reviews as 
our estimate of true cases. 

As summarised in Figure 1, the PPV for patients with metastatic melanoma identified by 
both NLP and structured data algorithms (PPV = 0.97, p < 0.5) was significantly higher 
than the PPV for patients identified only by NLP (PPV = 0.65) or only by the structured 
data query (PPV = 0.11). 

The results from the ‘gold standard’ chart reviews are shown in Table 1. 
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Table 1 Number of charts reviewed and results of the chart reviews according to zone 

Zone Number of charts 
reviewed 

Definite yes 
(%) 

Unsure, 
possible (%) 

Unsure, clinically 
no (%) 

Definite no 
(%) 

A 397 258 (65.0%) 33 (8.3%) 13 (3.3%) 93 (23.4%) 
B 512 494 (96.5%) 4 (0.8%) 2 (0.4%) 12 (2.3%) 
C 95 10 (10.5%) 3 (3.2%) 3 (3.2%) 79 (83.2%) 

We found a total of 246 unique patients with metastatic melanoma in the Indiana Tumor 
Registry, with records in the INPC indicating that they received some clinical care in at 
least one of the study institutions within a year of the patients’ tumour registry dates. 
These patients were used to estimate the sensitivities of the NLP and structured query 
algorithms, summarised in Table 2. 
Table 2 Estimated sensitivities and PPVs for NLP, structured query, and either structured 

query or NLP 

Zone Algorithm 
Sensitivity 
(standard 

error) 

PPV 

Definite yes Definite yes or 
unsure-possible 

A + B NLP of text reports 0.67 (0.03) 0.74 (0.017) 0.80 (0.016) 
B + C Structured query 0.35 (0.03) 0.83 (0.015) 0.84 (0.015) 
A + B + C Structured query or NLP 0.67 (0.03) 0.71 (0.017) 0.77 (0.016) 

Notes: For purposes of better understanding the potential effect of the ‘unsure-possible’ 
chart review category, we calculated PPVs both including and not including the 
‘unsure-possible’ chart reviews in our estimates of true cases. 

Using the registry-identified metastatic melanoma cases as the gold standard, we found 
the NLP algorithm to have a significantly higher sensitivity (p < 0.05) in detecting 
metastatic melanoma cases than the structured query algorithm, 67% vs. 35%. 

If one uses only the ‘definite yes’ category as true cases, the PPV of the structured 
query algorithm was significantly higher (p < 0.05) than the NLP algorithm, 83% vs. 
74%. However, if one uses both ‘definite yes’ and ‘unsure but possible’ as true cases, the 
difference between the PPVs of the structured query algorithm and the NLP algorithm 
(84% vs. 80%) does not reach statistical significance. 

4 Discussion 

Using data from two large institutions, we found that NLP of EHR text reports identified 
close to three times as many patients with metastatic melanoma as a structured data query 
that included ICD9 codes and local codes extracted from patient problem lists. Relatedly, 
using an external tumour registry, we found that NLP had much better sensitivity (67% 
compared to 35%) than a structured query. Our study highlights the importance of 
employing NLP techniques to identify patients who are potentially eligible for cancer 
trials, particularly trials of new chemotherapy agents for patients with metastatic disease. 

The importance of using NLP techniques to identify potential cancer trial candidates 
using clinical trial alert systems is even greater when one considers that ICD9 codes are 
often assigned by an abstractor after the clinician has made therapeutic decisions. By 
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using NLP as the clinician enters his or her initial note, one could alert the provider to an 
active cancer trial at the time that chemotherapy (for example) is being considered. Such 
clinical trial alert systems coupled with real-time NLP of clinician notes would represent 
a potentially powerful opportunity to improve on the less than 5% of adults with cancer 
who currently enrol in trials. 

Our findings benefit from a study design that directly compared NLP to a structured 
data query, as well as being focused on a single form of cancer. Our study adds to a 
medical literature from which one could draw reasonably different conclusions about the 
relative efficacy of NLP to structured data queries to identify metastatic disease. For 
example, using ICD9 codes, Chawla et al. found sensitivities ranging from 43% for 
metastatic lung cancer to 73% for metastatic colorectal cancer, while Eichler found 
sensitivities of 97–100% for brain metastases. Similarly reflecting a wide range of results 
and possible conclusions, using NLP, Coden et al. (2009) achieved 32% sensitivity for 
metastatic tumour, while Carrell et al. (2014) reported a sensitivity of 92% for breast 
cancer recurrence that included metastatic disease. 

For the study recruitment of most trials, one can accept a modest rate of error in 
identifying potential study candidates. That is, for most studies, one prefers to identify 
more potential study candidates (high sensitivity) even if such identification is 
occasionally wrong. This approach typically works owing to at least one subsequent 
screening step by either research assistants or clinicians to verify the study candidate’s 
eligibility. For purposes of maximising the number of identified study candidates, we 
found NLP as the sole criteria to be the optimal approach, with a very reasonable PPV of 
0.74–0.80 (depending on chart review criteria used). Nonetheless, we also found that the 
error rate could be minimised greatly by requiring both NLP and structured query 
evidence (PPV = 0.97, corresponding to the ‘overlapping’ zone B of Figure 1). 

There are a few limitations to our study. While we did not use chemotherapy data in 
our NLP algorithm, we did include it in our structured queries. Because chemotherapy 
commonly exists in specialised oncologic information systems, it seems likely we had 
incomplete data (only four cases were found solely as a result of chemotherapy criteria in 
the structured query). It’s certainly conceivable that we would have found more cases by 
structured query if we’d had more complete data, but alternatively, prior chemotherapy 
treatment is unlikely to be useful criteria if one’s goal is to identify study candidates for 
new cancer chemotherapy trials. 

We also conducted our trial using EHR data from two participating institutions, and 
only for metastatic melanoma. It would be useful to verify our findings at other external 
institutions and for other types of metastatic cancer. Finally, we also did not formally 
determine the inter-rater reliability of the chart reviewers, but rather worked to facilitate 
consensus among both the two chart reviewers and Dr. Dexter. By blinding all reviewers 
with respect to the zone that a particular chart represented, systematic biases are unlikely. 
In addition, our consensus process and multiple discussions that were centred on actual 
patients’ charts were designed to ensure the highest likelihood that the final decision as to 
whether a patient had metastatic melanoma was correct. 

We believe that the relative superiority of NLP to structured queries for finding 
metastatic melanoma cases is more important than the absolute sensitivities (67% vs. 
35%). The Indiana Tumor Registry was an important external source of metastatic 
melanoma cases against which we could determine the relative sensitivities of the two 
approaches. However, we had no ready means of determining whether a large or only a 
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small portion of a particular patient’s medical care had been obtained at one of the study 
institutions. For patients who receive the bulk of their cancer care at a particular 
institution, it seems likely that the absolute sensitivities of both NLP and structured 
queries using that institution’s EHR data would only be higher – while the relative 
superiority of the NLP approach seems likely to be maintained. 

In summary, we found that NLP algorithms are superior to structured query 
algorithms for identifying patients with metastatic melanoma. Particularly given wide-
spread adoption of EHRs, we believe that real-time NLP integrated with clinical trial alert 
systems represents a very promising method of increasing cancer trial enrolment. 
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