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Abstract

Enrolling adequate numbers of patients that meet protocol eligibility criteria in a timely manner is
critical, yet clinical trial accrual continues to be problematic. One approach to meet these accrual
challenges is to utilize technology to automatically screen patients for clinical trial eligibility. This
manuscript reports on the evaluation of different automated approaches to determine the
metastatic status from unstructured radiology reports using the Clinical Trials Eligibility Database
Integrated System (CTED).

The study sample included all patients (N = 5,523) with radiologic diagnostic studies (N = 10,492)
completed in a 2 week period. Eight search algorithms (queries) within CTED were developed and
applied to radiology reports. The performance of each algorithm was compared to a reference
standard which consisted of a physician’s review of the radiology reports. Sensitivity, specificity,
positive and negative predicted values were calculated for each algorithm. The number of patients
identified by each algorithm varied from 187 to 330 and the number of true positive cases
confirmed by physician review ranged from 171 to 199 across the algorithms. The best performing
algorithm had sensitivity 94 %, specificity 100%, positive predictive value 90 %, negative
predictive value 100 %, and accuracy of 99 %.

Our evaluation process identified the optimal method for rapid identification of patients with
metastatic disease through automated screening of unstructured radiology reports. The methods
developed using the CTED system could be readily implemented at other institutions to enhance
the efficiency of research staff in the clinical trials eligibility screening process.
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Introduction

Clinical trials are essential in evaluating new therapies before they become a standard of
care. Enrolling adequate numbers of patients that meet protocol eligibility criteria in a timely
manner is critical to this process, yet clinical trial accrual continues to be problematic,
particularly for cancer studies.1- Despite the significant body of literature focusing on
barriers to clinical trial accrual®-11, few advances have been made to improve patient
recruitment and enrollment.

One approach to meet these accrual challenges is to utilize technology to automatically
screen patients for clinical trial eligibility. Successful pre-screening will improve research
staff efficiency by reducing the number of ineligible patients requiring manual review, while
simultaneously increasing the total number of patients evaluated. The researchers
consistently reported doubling the enrollment rates by using electronic screening 12-14,
increasing the number of prescreened patients while decreasing the total screening time 12,
and significantly increasing the physician referrals.1® Much larger proportions of
electronically screened patients were eligible and enrolled in studies compared to
conventionally screened patients.15

Automated pre-screening is now feasible because the widespread implementation of
Electronic Health Records (EHR). A variety of automated clinical trial screening tools and
software that use EHR data have been piloted 16-20, though few are commercially
available.21:22 A common limitation of such tools is the inability to utilize unstructured
clinical text documents which represent the bulk of clinical information that must be
reviewed to determine eligibility. While screening tools based only on discrete data are
valuable!2-15 accuracy can be improved if information locked in narrative reports is
utilized. Although the filed for Information extraction (IE) based on Natural Language
Processing (NLP) is growing rapidly, IE use to support research is limited.23

Cancer metastatic status is frequently a key inclusion or exclusion criteria for oncology
clinical trials. The current practice is to determine new metastatic disease through manual
review of medical records of cancer patients. This approach is highly inefficient due to time
required, limited number of patients assessed, and difficulty identifying these patients prior
to treatment. Automatic screening can be performed using billing records (ICD-9 diagnosis
codes for secondary malignancies). While this is valuable in cancer surveillance and cohort
discovery, it is of limited use in clinical trial eligibility screening mainly due to the lag time
in billing and the need to identify patients at the time of diagnosis and prior to initiation of
treatment. Information to quickly and accurately identify patients with metastatic disease is
typically available only in clinical text documents (particularly radiology reports) and has
the challenges inherent in extraction through Natural Language Processing due to the
complexity of language expression and inconclusive text to express uncertain or negative
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conditions. Because of these challenges, we evaluated different approaches to determine the
metastatic status from unstructured text in radiology reports in near real time. This
manuscript reports the results of this evaluation. Our objectives were to formally assess the
performance of several automated algorithms to identify metastatic status from radiology
reports, select the algorithm with the optimal measures of accuracy, and to identify methods
to improve this automated process.

Study overview

The Clinical Trial Eligibility Database Integrated System (CTED) was utilized for
identifying patients with metastases in radiology reports.2428 Search algorithms (queries)
within CTED were developed and applied to radiology reports completed at our Institution.
The performance of each algorithm was compared to a reference standard which consisted
of a physician’s review and validation of the metastatic status from radiology reports.

Brief overview of the CTED system

The CTED Integrated system is an Investigator-developed set of software tools to aid in the
clinical trial recruitment process at the Massey Cancer Center, Virginia Commonwealth
University (VCU). It consists of three components: the CTED Tracking System, the CTED
Automated Matching Tool (CTED-AMT) and the MD/Clinical Research Staff (CRS) Alert
Notification System. Detailed information on the CTED system has been reported in prior
publications.?4-26 The CTED-AMT is the component used in this study to automate patient
identification. This tool searches the VCU patients’ data collected from multiple electronic
sources and maintained longitudinally in a data warehouse. It allows for automatic selection
of potentially eligible study patients based on protocol inclusion/ exclusion criteria. The
electronic sources include data from the scheduling system, billing data, and all clinical
notes including surgical pathology reports, radiology reports and clinic visits or hospital
admissions. The system searches discrete data including demographics, billing diagnoses
(cancer and other diagnoses related to comorbidity), prior treatment for cancer (including
specific and generic categories of treatment), and laboratory test results indicating current
and prior measures of disease status (e.g. metastatic disease, recurrence, disease progression,
tumor markers). It also searches unstructured text documents based on the National Cancer
Institute Enterprise Vocabulary Services (NCI EVS) meta-thesaurus?’ or user-defined
search terms and text strings. A list of patients who meet a set of protocol-specific eligibility
criteria is created each time a query is executed. This list is matched with the patient
scheduling system for automated notification of physicians and research staff regarding
visits for potentially eligible patients.

Study sample

The study sample consists of all patients who had one or more radiology reports completed
during 2 consecutive weeks (10/31/11 to 11/14/11) at VCU Health System. A total of 5,523
patients with 10,492 radiology reports were included in the analysis. We chose not to limit
the algorithms only to patients with cancer diagnosis because some categories of patients
with metastases may not be included (for example, patients who present with advanced
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metastatic disease at the first encounter or patients who were not receiving cancer care at our
institution but had only radiology tests/consults). In order to automatically subset patients
based on cancer diagnosis, the billing ICD-9 diagnosis code or EHR problem list must be
used. However, the billing data usually lag in time and the problems list are not routinely
updated. Thus, we chose to include all patients because for oncology clinical trials patients
must be identified at the time metastases are initially detected. All diagnostic radiology
reports were included in the evaluation (plain radiographs, fluoroscopic studies, ultrasound
exams, computed tomography (CT) scans, magnetic resonance imaging (MRI), positron
emission tomography (PET), scintigraphic tests, and angiographic studies). Although some
of the radiologic diagnostic tests such as fluoroscopic exam have limited sensitivity to detect
metastases, we included all types of reports to assure that we are capturing any evidence of
metastasis and to test how our algorithms perform against the entire range of radiographic
diagnostic tests.

Algorithms for identifying metastatic disease in unstructured radiology reports using

CTED

We used eight different search algorithms (queries) to identify patients with metastatic
disease from radiology reports. These queries represented two types of approach, term/string
matching and document indexing. Each approach was then combined with ICD-9 cancer
diagnosis and/or the “Ignore phrase” feature in CTED-ATM (see below), Table 2.

The details for each query are provided below.

1. Term search only: This method used the “Term search” feature in CTED-AMT.
The Term Search feature allows for an unlimited number of terms or text strings to
be entered and to establish relational operands (AND, OR, NOT) between each of
the terms or strings specified. In addition to user-defined terms, some or all of NCI
EVS metathesaurus?” related terms may be included with or in lieu of the specified
term. Further, the system allows selection of the report type to search as well as
date ranges. For the “term search only” algorithm, we performed the search in the
radiology reports within the study period using the terms: “metastatic”,
“metastasis”, “metastases” and “carcinomatosis”. These 4 terms were found to
capture the majority of the radiology reports with metastatic disease findings during
the pre-testing and development of the CTED metastatic algorithm (approach # 5).

2. Term search and a cancer diagnosis based on International Classification of
Diseases, Ninth Revision (ICD-9) diagnosis codes in billing: Limiting the search to
those patients that had prior diagnosis for cancer may decrease the number of false
positive cases. Thus, we added searching for any ICD-9 cancer diagnosis codes
(ICD codes 140-239) in the billing claims data to algorithm 1.

3. Term search and use of the “Ignore Phrases” feature in CTED-AMT: This feature
allows the user to enter an unlimited number of phrases or sentences in conjunction
with the primary term or text string. Any terms, phrases or sentences specified as
“Ignore Phrases” are ignored by the system in searching and selecting cases with
the specified term or phrase in the narrative reports. The “Ignore Phrases” were
identified during the manual review of radiology reports. An example of an “ignore
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phrase” is “evaluate for metastasis”. In this context, the patient may or may not
have metastatic disease. Without further positive corroboration in the same report,
it will not be categorized as positive for metastases (i.e. it will be ignored). The
ignore phrases were added to algorithm 1.

4. Term search and any billing ICD-9 cancer diagnosis, and CTED-ATM “Ignore
Phrases” feature (Algorithm 1, 2 and 3 combined).

5. Metastatic algorithm programmed in CTED: This is a hard-coded option algorithm
that is a component of the CTED system. It automatically screens incoming
radiology reports and indexes each report as positive or negative based on a
sequence of positive and negative relations using metastatic terms.

6. CTED metastatic algorithm and a billing ICD-9 cancer diagnosis code: As for
strategy 2 above, a billing code for cancer was added to the algorithm to reduce
false positives.

7. CTED metastatic algorithm and “Ignore phrases” feature in CTED: The same
ignore phrases used in approach 3 were included here to reduce false positives.

8. CTED metastatic algorithm and any billing ICD-9 cancer diagnosis, and CTED-
ATM “Ignore Phrases” feature (Algorithm 5, 6, and 7 combined).

Review of Electronic Medical Records (Validation)

Figure 1 outlines the selection of patients for review. The consensus opinion of 3 physicians,
one of whom is an oncologist, served as a gold standard for final determination of a
radiology report as being positive or negative for metastatic disease. One physician reviewed
all radiology reports of patients identified by any of the queries as positive in order to verify
metastatic disease and classify cases as True Positive (TP) or False Positive (FP). These 750
reports represented 7.1% of all radiology reports received during the two week study period,
and they are for 330 unique patients. Twenty percent of all patients reviewed by the first
reviewer were reviewed by a second physician to determine inter-rater agreement.
Disagreements between the two physicians were adjudicated by a medical oncologist and a
final decision was reached. Any radiology report that was suggestive but not conclusive as
to the presence of metastatic disease (e.g. consistent with, cannot be ruled out) was
considered a positive report because in practice all potentially eligible patients identified by
CTED will be followed up by the research nurse or the Principal Investigator.

Estimating the number of false negative cases (FN)

The FN cases are those cases that were not identified by any of the algorithms although their
radiology reports indicated that they had metastatic conditions. We estimated the number of
FN cases among patients that were not selected by any of the algorithms (Npatients = 5193)
as follows: A simple random sample of 500 patients (approximately 10% out of 5193) was
selected and all of their radiology reports completed in the 2 week study period were
reviewed (Nyeports = 923). The rate of FN cases was estimated as number of FN found in the
random sample divided by 500. The total number of false negatives in the complete sample
(FN) was estimated by multiplying this rate by the 5193 sample size. Further, for each
query, the number of estimated FNs was adjusted to reflect positive cases that were
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identified by other queries but not the query in question. The patients and TP identified by
the second through eighth queries were subsets of query 1.

We categorized patients into four categories using the following definitions for each query:
True positive (TPquery) - patients identified by a query as positive for metastases that were
confirmed by the manual review to have metastases; False positive (FPquery) — patients
identified by a query as positive for metastases but not confirmed by the manual review;
False Negative (FNguery) — estimated number of patients with a radiology report positive for
metastatic disease that were not identified by a query; True Negative (TNgyery) - estimated
as the number of patients not selected by a search algorithm minus the estimated number of
FN for that algorithm. The exact numbers of TP and FP were determined by the manual
review of all patients selected by the different approaches. The FNs and TNs were estimated
for each query separately using the methods shown in Table 1.

The performance of each algorithm was assessed by calculating sensitivity, specificity,
positive predictive value (PPV) and negative predictive value (NPV) along with 95%
confidence interval using physician expert classification as a reference standard. Since PPV
is affected by the prevalence of the condition of interest, specifically when the prevalence is
low, we calculated the likelihood ratio positive (LR+ = sensitivity/false positive error rate)
and likelihood ratio negative (LR- = false negative error rate/specificity) for each metastatic
finding algorithm. The likelihood ratio provides a more accurate estimate of the usefulness
of a test in low prevalent conditions such as in this study where the prevalence of metastatic
disease in radiology reports was <3%.28:29 The overall accuracy of each approach was
calculated as (TP +TN)/ (sample size).

Inter-rater reliability was estimated with Cohen’s kappa statistics.

IBM SPSS Statistics version 20 and R version 2.15.0 (R Foundation of Statistical
Computing) were used in the analysis.

Ethical considerations

Results

The CTED system is maintained under IRB Protocol HM 11089. This project was
performed as a component of our continuous quality assessment and improvement of the
CTED integrated system in supporting the cancer center research enterprise.

During the two week evaluation period, 5,523 patients had a total of 10,492 radiology
reports. The number of patients identified as having metastatic disease according to each
approach ranged from 187 to 330 (Table 2). Patients selected by the second through eighth
queries represented a subset of patients identified by the first query (terms search). The total
number of patients validated as having metastatic disease among these patients was 199 but
the number of true positive cases identified varied by query. The review of the 500
randomly selected patients not identified by any of the algorithms found only 1 case positive
for metastases. The rate of FN cases was 0.002, 95% CI [0, 0.012]. Based on this FN rate,
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the estimated numbers for FN cases ranged from 11 (Query 1) to 39 (Query 8). The inter-
rater agreement between the 2 reviewers was excellent with a kappa value of 0.90, 95 % CI
[0.80, 0.98].

Sensitivity, specificity, PPV, NPV, LR+ and LR-, and accuracy are also shown in Table 2.
While specificity and NPV were very high for each of the search strategies, query # 7 (based
on the CTED programmed metastatic algorithm and “Ignore phrases” feature) had the most
favorable combination of sensitivity (93.8 %), PPV (89.5%) and LR+ (216.7). Adding any
billing 1ICD-9 diagnosis for cancer improved PPVs by 2-3 % but decreased the sensitivity by
almost 10 %.

Because a focus of this project was to improve the system, we performed a detailed review
of all 69 false positive (FP) cases identified by the CTED programmed metastatic algorithm
(query #5) to identify methods to improve the accuracy of the system. The results are
provided in Table 3. The majority of the FP cases were eliminated when the “ignore phrase”
feature is used and were due to negation expressions or a diagnostic test indicators in the
report such as “evaluate for”, “assess”, or “rule out metastases”. Applying the “Ignore
phrases” feature decreased the number of false positive cases by 46, resulting in an increase
of 15% in the PPV. A slight drop in sensitivity by 0.5% was due to 1 true positive case
eliminated by the “Ignore phrases” function.

Discussion

As a screening tool to identify cancer patients with metastatic disease, the automated system
using the CTED programmed algorithm and “ignore phrases” (approach 7) was shown to
have excellent results with sensitivity of 94 %, specificity of 99 %, PPV- 90 %, NPV- 100 %
and a LR+ of 216. The CTED programmed metastatic algorithm had excellent sensitivity
and specificity (94 %, and 99 % respectively), but the PPV was somewhat lower (74.2 %).
Because the goal is to quickly and accurately identify patients with metastatic disease, the
approach using the algorithm programmed in CTED in conjunction with the “ignore
phrases” was optimal as it identified the most patients with the lowest false positive rate.

The concepts utilized herein are not entirely new, but the combined processes and potential
for generalizability represent a novel use of existing methods. Previous studies have tested
information extraction of various conditions of interest in different types of unstructured
medical records such as identification of “medical problems” from clinical notes for the
purpose of enriching the EHR problem list30, determining cancer stage from pathology
reports and clinical notes to improve cancer registries31:32 or smoking status in medical free
text documents.33:34 Few studies have focused on radiology reports and cancer. For those
studies, our results are comparable. Hripcsak et al reported sensitivity of 81% (CI, 73% to
87%) and specificity of 98% (CI, 97% to 99%) for a natural language processor in
determining 6 conditions (one of which was neoplasm) in 200 admission chest
radiographs.3° Sensitivity of 80.6%, specificity 91.6%, PPV 82.4% and NPV 92.0% were
found by Cheng et al in a study testing the ability of NLP to detect brain tumor progression
from pre-selected unstructured brain MRI reports.36 Carrell et al used unmodified caTIES (a
software developed to extract findings from pathology reports) to identify cancer in
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radiology reports with sensitivity of 82% and specificity of 95%.37 Our CTED built-in
metastatic algorithm alone or in combination with the “Ignore phrase” feature performed
somewhat better and across a broader range of cancers, clinical trials and was used to
effectively screen all types of radiologic diagnostic tests.

Our estimated performance characteristics reported in Table 2 reflected the system
performance on a limited cross-sectional basis. In the clinical trials recruitment practice,
automated screening would occur on an ongoing basis. Thus, some FNs occurring during the
2 week period would likely be identified either before or after the study interval, as cancer
patients have multiple radiology tests throughout the disease course. In order to evaluate the
longitudinal performance of the system as it would be used in production, we attempted to
broaden our search to identify actual patients with metastatic disease (FNs) that would be
identified from data sources other than radiology reports. This included searching clinical
notes for metastatic terms and screening patients with ICD-9 billing diagnoses for secondary
malignancy during the 2 week study interval. Using these alternate methods, 18 FN cases
were identified. These FNs cases were then run against the metastatic algorithm (Query #5)
with no date limits (i.e. before and after the two week study window) to mimic ongoing
longitudinal use of the system. The algorithm (using only the radiology reports) correctly
identified 78 %, 95% CI [52, 93] of these 18 FN cases from radiologic studies completed
either before or after the two week study interval. Of the remaining 4 FN cases, 3 had
limited information in the EHR with only one radiology report. The fourth case was a
widespread follicular lymphoma with organ involvement. From a practical perspective, it is
unlikely that three of these patients would be eligible for a trial as they did not receive their
care within our health care system. The resulting system performance measures based on
this adjusted FN rate are as follows: sensitivity 98%, specificity 100%, PPV 90%, NPV
100%, LHR+ 225, and LHR- 0.02.

The major challenge in identifying patients with metastatic disease is that the earliest
indicator is typically information only available through unstructured text. Thus, the ability
to screen these text documents to accurately identify patients in a timely manner is critical.
Identification of negation phrases in unstructured clinical reports represents the most
significant challenge to this process.38 The presence or absence of metastatic disease is a
component of the inclusion or exclusion criteria for the majority of cancer clinical trials,
thus is a key factor that if known can quickly eliminate patients and reduce the number of
patients research staff must screen to identify eligible patients. Minimizing the FP rate is
important when excluding patients with possible metastatic disease, whereas maximizing the
TP rate is important when using metastasis as an inclusion criterion. In oncology trials that
include patients with metastases the FP rate is less crucial but still important as it will result
in unnecessary review of records and increase the time spent by the research staff reviewing
erroneously included patients. For clinical trials which exclude metastases the issue of
negation becomes more important. In these trials, the search algorithms can be used to
exclude patients during the automated pre-screening. The inclusion of the “ignore phrases”
with the CTED programmed algorithm (approach 7) was a very important outcome of our
evaluation as it resulted in a 15 % improvement in the PPV (from 74.2 to 89.5) while
maintaining a good sensitivity and increased specificity.
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The decreased sensitivity that occurred when cancer diagnosis was added may be due to
several reasons. Patients may not have been treated at VCU Health System and the radiology
report was performed for an outside health care provider who is treating the patient. These
patients may therefore not have a cancer diagnosis in the billing records. Further, some
patients were diagnosed with metastatic disease during their first encounter at our health
care system. Billing data typically lags by several weeks the real time radiology dictations
thus may not have been incorporated into the system until well after the radiology report was
available.

There were several key benefits in the methods from this study compared with systems
reported in the published literature. First, we included all radiologic diagnostic tests to
maximize the ability to capture information on metastases as close to the diagnosis as
possible. Other studies focused on a limited set of diagnostic radiologic procedures such as
chest radiographs3®:39 or brain MRI 36, Our approach based on near real time capture and
screening of all reports provides information to clinical research staff at the earliest point at
which metastatic disease is identified whether it is by chest x-ray, CT or MRI. Typically,
radiology reports are available the day of or day after the diagnostic study is completed.
Thus, the tool is optimal for rapidly including or excluding potential study eligible patients
for clinical trials. The ability to accurately detect metastatic disease through radiology
reports is a key step in identifying patients with a progressive metastatic disease burden.
Rapid identification in real time of patients with known cancer and newly metastatic disease
is critical to clinical trial enrollment, as these patients are the ones most likely to need access
to a clinical trial. The near real time identification is also critical as these patients are often
in need of immediate treatment. Although our evaluation did not focus on newly diagnosed
metastases, the CTED system provides features that can be used to successfully identify new
metastases particularly in patients that received the majority of their cancer care at the
VCUHS. These features include restricting the search to recent time and excluding patients
who had evidence of metastases in clinical documents or billing records prior to the
specified time point. This approach has been used to identify not only new metastases but
other newly diagnosed medical conditions.

An additional differentiating factor of this analysis is the inclusion of cancers of any site.
Previous studies have focused on one organ.3%:36 While these studies have provided valuable
contributions, the ability to identify metastases across all cancer sites is critical for a cancer
center that typically conducts clinical trials in a broad range of cancers. Further, some
studies enrolling patients with metastases may enroll patients with very different types of
cancer (for example bone metastases in lung, breast and prostate cancer). The CTED system
was developed to support all oncology trials, thus it was important to evaluate the system’s
performance in determining metastatic status irrespective of cancer site.

Although optimized currently for cancer trials, the system is being used to identify patients
with a variety of other clinical characteristics for assessing eligibility in clinical trials not
only in oncology but in other clinical arenas. Examples of medical terms/text strings
searches in unstructured text documents that we used in various clinical trials included
specific medications use, type of sickle cell disease (Hemoglobin SS, SC, SB), eosinophilic
pharyngitis, and large volume paracentesis. The latter two concepts are examples where

Exp Biol Med (Maywood). Author manuscript; available in PMC 2015 March 13.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Petkov et al. Page 10

discrete data would not be helpful since there are no specific ICD-9 or Current Procedural
Terminology (CPT) codes for these conditions.

Limitations

The results from this evaluation are for a single institution. Thus, the findings may not be
entirely generalizable. However, the 10,492 reports that were assessed represented dictations
by 69 radiologists, who trained at a variety of institutions, thus reducing the concern that the
results may be skewed by dictation patterns associated with only a limited set of
radiologists.

A second limitation is the length of the study period. Although two weeks is a relatively
short period, there were more than 10,000 radiology reports generated during that period,
representing every radiologic diagnostic test performed at our institution. During this
interval a total of 1,088 (19.7 %) of all patient records were reviewed.

Another potential limitation of the proposed approaches for identifying metastases in text

documents could be misspelled words. We did not observe this to be the case in our study.
This may be because the “metastatic” terms are used typically more than once in a report

and frequently multiple imaging studies are performed in relatively short periods of time,

thus decreasing the probability of not identifying a patient due to a typing error.

Conclusion

In summary, our evaluation process identified the optimal method for automatically
screening radiology reports for rapid identification of patients with metastatic disease and
identified additional methods to optimize PPV while simultaneously minimizing the FN and
FP rates. The results demonstrate that these screening tools can be implemented successfully
to provide critical information for identification of patients for consideration in cancer
clinical trials. While we used the CTED system, similar approaches based on these results
could be implemented at other institutions to enhance the efficiency of research staff in the
clinical trials eligibility screening process.
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N
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the metastases finding algorithms
N pts =5193

N rad. reports = 9,742

Patients selected by the
metastases finding algorithms
N pts = 330

N rad. reports = 750

y

A

Patients reviewed
N pts = 500 (random sample)
N rad. reports = 923

Patients reviewed
N pts =330, N rad. reports = 750

y

False Negative rate: R = 1/500;
Estimated number of False
Negative among non-identified =
R* 5193 = 11 patients

True Positive among those
identified = 199 patients

Figure 1.
Selection of patients for manual review
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Table 1

Methods used for the estimation of False Negative and True Negative cases in each query

Gold standard (Manual Review)

Total

Positive

Negative

Algorithm Positive

a = TPquery

b = FPguery

TPquery+FPquery

Algorithm Negative

€ = FNguery = 210 = TPgery

d = TNquery = 5523~( TPquery + FPquery + FNquery)

5523 - ( TPquery + quuery )

199 + 11 =210

5523 - 210 =5313

5523
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