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Abstract. Recent rapid increase in the generation of clinical data and rapid de-

velopment of computational science make us able to extract new insights from 

massive datasets in healthcare industry. Oncological Electronic Health Records 

(EHRs) are creating rich databases for documenting patient’s history and they 

potentially contain a lot of patterns that can help in better management of the 

disease. However, these patterns are locked within free text (unstructured) por-

tions of EHRs and consequence in limiting health professionals to extract useful 

information from them and to finally perform Query and Answering (Q&A) 

process in an accurate way. The Information Extraction (IE) process requires 

Natural Language Processing (NLP) techniques to assign semantics to these 

patterns. Therefore, in this paper, we analyze the design of annotators for spe-

cific lung cancer concepts that can be integrated over Apache Unstructured In-

formation Management Architecture (UIMA) framework.  In addition, we ex-

plain the details of generation and storage of annotation outcomes.  

Keywords: Electronic Health Record, Natural Language Processing, Named 

Entity Recognition, Lung Cancer 

1 Introduction 

Cancer is still one of the major public health issues, ranked with the second leading 

cause of death globally [1]. Across the Europe, lung cancer was estimated with 20.8% 

(over 266,000 persons) of all cancer deaths in 2011 [2] and the highest economic cost 

of 15% (18.8 billion) of overall cancer cost in 2009 [3]. Early diagnoses of cancer 

decreases its mortality rate [4]. Hence, a great attention on diagnoses is a key factor 

for both the effective control of the disease as well as the design of treatment plans. 

Classically, the treatment decisions on lung cancer patients have been based upon 

histology of the tumor. According to World Health Organization (WHO), there are 

two broad histological subtypes of lung cancer: (1) Small Cell Lung Cancer (SCLC); 

and (2) Non-Small Cell Lung Cancer (NSCLC) [5]. NSCLC can be further defined at 
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the molecular level by recurrent driver mutations [6] where mutations refer to any 

changes in the DNA sequence of a cell [7]. Tumor Mutations can occur in multiple 

oncogenes, including in: Epidermal Growth Factor Receptor (EGFR), Anaplastic 

Lymphoma Kinase (ALK), and Ros1 proto-oncogene receptor tyrosine kinase [8]. 

These oncogenes are Receptor Tyrosine Kinases, which can activate pathways associ-

ated with cell growth and proliferation [9]–[11]. 

One of the preliminary diagnoses factor of a cancer is its tumor stage. This factor 

plays a significant role on making decisions for developing treatment plans. The 

American Joint Committee on Cancer (AJCC) manual [13] specifies two standard 

systems for measuring the cancer stage [14]: (1) stage grouping and (2) TNM. The 

stage grouping system encodes the tumor stages using roman numerals, whereas the 

TNM system makes use of three parameters: (1) the size of tumor (T); (2) the number 

of lymph nodes (N); and (3) the presence of Metastasis (M).  

According to International Consortium for Health Outcomes Measurement 

(ICHOM), Performance Status (PS) is a strong individual predictor of survival in lung 

cancer. The ICHOM working group recommended measuring PS as part of diagnoses 

per the Eastern Cooperative Oncology Group (ECOG) [14]. In addition to ECOG, 

Karnofsky is another scale for measuring PS [15]. These scales are used by doctors 

and researchers to assess the progress of a patient’s disease, the effects of the disease 

on daily and living abilities of a patient and to determine appropriate treatment and 

prognosis [16]. 

Towards the digitization of medical data, these data have been stored in computer-

ized medical records, named EHRs. EHRs are rich clinical documents containing 

information about diagnoses, treatments, laboratory results, discharge summaries, to 

name a few, which can be used to support clinical decision support systems and allow 

clinical and translational research.  

EHRs are mainly written mainly in textual format. They lack structure or have a 

structure depending on the hospital, service or even the physician generated them. 

They contain abbreviations and metrics and are written in the language of the country. 

Due to unstructured nature of information locked in EHRs, detection and extraction of 

useful information is still a challenge and consequences in difficulty of performing 

Q&A process [17]. 

To encode, structure and extract information from EHRs, an NLP system for which 

the Named Entity Recognition (NER) process is its paramount task, is required. Rule-

based approaches for performing NER process through means of knowledge engi-

neering are very accurate since they are based on physician’s knowledge and experi-

ence [18]. 

The NER process intrinsically relies on ontologies, taxonomies and controlled vo-

cabularies. Examples of such vocabularies are Systematized Nomenclature of Medi-

cine (SNOMED) [19] and Unified Medical Language System (UMLS) [20]. 

The UMLS integrates and distributes key terminology, classification and coding 

standards. Even though that the translations of these vocabularies to different lan-

guages are available, they do not always provide the entire terminologies that are used 

in very specific domains (e.g., lung cancer). In addition, several medical metrics are 

not covered or fully provided by them. Furthermore, symbols such as “+” and “-”, 
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which are commonly being used with medical metrics (e.g., EGFR+) to determine 

their positivity or negativity, are not supported by them. Also, it is a common practice 

by physicians to use symbols such as “.”, “_”, “-”, etc. for writing metrics (e.g., can-

cer stage I-A1). Such metrics are not supported by these ontologies as well. 

Although, several NLP systems have been developed to extract information from 

clinical text such as Apache cTAKES [21], MEDLEE [22], MedTAS/P [23], HITEx 

[24], MetaMap [25], to name a few. However, despite of the fact that Spanish lan-

guage has occupied the second position in the world ranking of number of speakers 

with more than 572 million speakers [26], these systems are mainly being used for 

English. One of the NLP systems that has been developed to perform IE on Spanish 

clinical text, is C-liKES (Clinical Knowledge Extraction System) [27]. C-liKES is a 

framework that has been developed on top of Apache UIMA, which has been based 

on a legacy system, named H2A [28].  

To the best of our knowledge, there is no open NLP pipeline from which we can 

extract information related to lung cancer mutation status, tumor stage and PS, written 

in Spanish clinical narratives. Thus, the main contribution of this paper is to discuss 

the design, development and the implementation of annotators, capable of detecting 

clinical information from EHRs, using UIMA framework. Furthermore, we present 

the annotation results, extracted by means of running these annotators. The rest of 

paper is organized as follows: in Sect. 2, concept annotation for mutation status, stage 

and PS in lung cancer domain along with annotation output generation is presented; 

and in Sect. 3 the achievements gained so far are explained and the outlook of the 

future developments is provided.   

2 Solution 

We have developed a set of semantic rule-based NLP modules, named Annotators, 

using Apache UIMA framework. These annotators were developed to identify NEs 

(Named Entities) from clinical narratives. They contain regular expressions, using 

which, they can search for specific patterns through the clinical text.   

The Pseudocode of algorithms implemented by these annotators is provided in 

Listing. 1. 

Start; 

 Set search-pattern = regex(); 

 Set input = EHR plain text; 

 For sentences in input { 

  For tokens in sentence { 

   If search-pattern is matched to a token { 

    Set annotation = define the token with its corre-

sponding semantical meaning or category; 

    Set output = add annotation to token indexes; 

   } 

   Move to the next token; 

  } 
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  Move to the next sentence; 

 }  

End;  

Listing. 1. Pseudocode of rule-based annotators algorithm 

 

The algorithm defines the search pattern using regular expressions and accept EHR 

plain text as input. Then, for each individual sentence in the text, the algorithm checks 

if the search pattern can be matched with the tokens. Once, a matched token is found, 

the algorithm assigns the semantical meaning corresponding to the token and produc-

es the output by adding annotation to the token indexes 

To process a clinical narrative using these developed annotators, we have imple-

mented them under a single pipeline. Once, the pipeline is executed, the output of 

annotations will be generated. 

The outcomes of annotation processes are formatted as a set of XML Metadata In-

terchange (XMI) files and are also inserted into a relational database from which 

Q&A process can be followed. The details of lung cancer developed annotators and 

the output generation process are provided below. 

2.1 Mutation Status 

Physicians makes use of EGFR, ALK and ROS1 metrics for mentioning the tumor 

mutation status in clinical narratives. However, in case of EGFR, they can provide 

more detailed information about the mutation related to the exon (18–21), type of 

exon (deletion or insertion) and the mutation point (G719X, T790M, L858R, L861Q). 

For determining the positivity or negativity of mutation metrics, physicians do not 

follow any standard systems. For example, in case of EGFR positive, , they can write: 

“EGFR: positive”, “EGFR+”, “has detected with mutation in EGFR”, “presence of 

mutation in EGFR”, “with insertion mutation in Exon 19”, “EGFR mutated”, etc. 

Therefore, the need of annotators for detecting tumor mutation status from clinical 

text, comes to the picture. For this purpose, three annotators, named EGFR Annotator, 

ALK Annotator and ROS1 Annotator were developed using UIMA framework. 

The EGFR annotator is capable of detecting the mutation status, exon, type of exon 

and the mutation point from the clinical text by incorporating four internal annotators 

that were developed for this purpose. Whereas the ALK and ROS1 annotators can 

only find the concepts that are related to the mutation status. 

For example, in the following clinical text: “EGFR + (del exon 19), no se detecta 

traslocación de ALK y ROS1 no traslocado.” while EGFR mutation status is positive 

in exon 19, no translocation is detected for ALK and ROS1. Once, we process this 

clinical text using the developed annotators for tumor mutation status on UIMA CAS 

Visual Debugger (CVD), this information is extracted from the text (Fig. 1). 

 

The CVD output representation is largely divided into two sections: 

• Analysis Results: is composed of two subsections: (1) upper division: contains 

CAS Index Repository. AnnotationIndex represents the list of annotators executed 



5 

for processing the text, which shows DocumentAnnotation objects, with one specif-

ic object for each specific annotation (ALK, EGFR, Exon, …). To see the annota-

tion results of a specific annotator, the user should click on the designated one in 

here; and (2) lower division: includes AnnotationIndex. When the user clicks on 

the index of an annotation (in the Fig. 1, -ALK-) the information such as begin, end 

and semantic categories of the found NE will be represented.  

• Text: accepts the clinical text as input from the user, which is in here “EGFR + 

(del exon 19), no se detecta traslocación de ALK y ROS1 no traslocado.”. The in-

put text will be highlighted corresponding to the begin and end of annotation pro-

vided in the AnnotationIndex of the lower division sub-section of the Analysis Re-

sults section. The highlighted text is “no se detecta traslocación de ALK”.  

 

Fig. 1. EGFR, ALK and ROS1 annotation results on CVD 

2.2 Stage 

Stage grouping and TNM are the two main standard cancer staging systems, intro-

duced by AJCC manual [29]. The lung cancer stage classification, which is provided 

by the International Association for the Study of Lung Cancer (IASLC), is based on 

advanced statistical analysis of international database with more than 100,000 pa-

tients. This analysis specifically addressed the stage groups, T, N and M components 

(Fig. 2.). It is notable that for TNM system, the three attributes, i.e. T, N and M can be 

modulated by prefixes (e.g., pT1aN0M0). Such prefixes are: “c” (clinical), “p” (path-

ologic), “yc” or “yp” (post therapy), “r” (retreatment) and “a” (autopsy). Physicians 

normally use symbols such as “.”, “_”, “-”, “()”, etc. combined with TNM and stages 

metrics in the clinical text. For example, in case of stage IA1, they can write: I-A1, 

I.A1, I_A_1, I(A1), etc. 
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Fig. 2. AJCC 8th edition - Lung cancer stage grouping and TNM system [29] 

Using 8th edition of this manuals, we have developed two pattern-based extraction 

annotators, named Stage Annotator and TNM Annotator, for finding the cancer stages 

and the TNMs, appeared in the clinical narratives, respectively.  

For example, the clinical text “Adenocarcinoma de pulmón, pT1aN0M0 (mi-

cronódulos pulmonares bilaterales, linfangitis carcinomatosa, derrame pleural), 

estadio I_A1.”, explains that the patient is having lung cancer (Adenocarcinoma de 

pulmón) with pT1aN0M0 value for TNM and stage IA1. By processing this text using 

the Stage and TNM annotator, the information related to these two metrics has been 

annotated (Fig. 3).  

 

Fig. 3. Stage and TNM annotation results on CVD 

2.3 PS 

PS scale is mentioned using ECOG and Karnofsky measures in the clinical narratives. 

The ECOG measure ranges from 0 to 5, where 0 is the most ideal case for carrying on 
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all pre-disease performance without any restrictions. On the other hand, the 

Karnofsky measure ranges from 0% to 100%, where 100% is the most ideal case.  

 ECOG and Karnfosky scales can appear with symbols such as “.”, “_”, “-”, “()”, 

etc. in clinical text. For example, ECOG 0 can be written as: “ECOG_PS: 0”, 

“ECOG-0”, “ECOG is measured with 0”, “ECOG (0)”, etc. 

Hence, to annotate concepts related to ECOG and Karnofsky scales form clinical 

narratives, two annotators, named ECOG Annotator and Karnofsky Annotator were 

developed, respectively.  

For example, “ECOG-PS 0. Regular estado general. Disnea de reposo/mínimos es-

fuerzos. Karnofsky: 100%.”, indicates that the patient PS is measured with ECOG: 0 

and Karnofsky: 100%. The results of annotation processes implemented by the ECOG 

and Karnofsky annotators on this clinical text, are shown in Fig. 4.  

 

Fig. 4. ECOG and Karnofsky annotation results on CVD 

2.4 Output Generation 

For generating outcomes, an execution flow (Fig. 5) is followed by using a main pro-

cess, called “Processing Engine”. This process accepts plain text files as input. Exam-

ple of plain text documents are EHRs, clinical notes, radiology reports, and any kind 

of medical textual document generated.  
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Fig. 5. Processing Engine Architecture 

The input is passed to the Processing Engine, which contains the pipeline of devel-

oped annotators. When the Processing Engine is executed, two resources are generat-

ed as output: 

• XMI: UIMA annotators process plain text documents and generate one XMI file 

for each of them. These files encompass all the existing annotations i.e. they con-

tain structured data of the relevant unstructured data in the EHR. Fig. 6 presents the 

results of annotations, stored in an XMI file, using UIMA Annotation Viewer. The 

UIMA annotation viewer is divided into three sections: (1) upper left division: con-

tains plain clinical text. Highlighted tokens correspond to the annotated concepts, 

which are in here “ECOG 3”, “estadio IV”, “EGFR”, “no mutatdo” and “ALK no 

traslocado”; (2) Annotation Type: provides the list of annotation tags from which 

the user can select the annotation results to be highlighted in the upper left division 

section. In here such tags are ALK, ECOG, EGFR, and etc.; and (3) Click In Text 

to See Annotation detail: by clicking on the highlighted tokens in the upper left di-

vision, the user can see the details of annotated concepts in this section. Such de-

tails are begin, end and semantic categories of the concept. 

• Structured relational database: A MySQL database, which contains the information 

of the annotations. The database allows to perform analysis on the structured data 

with more flexibility than XMI files. 

3 Conclusion and Future Work 

The vast amount of clinical data generated and the adaption of IT in health care indus-

try, have motivated the development of NLP systems in clinical domain. For an NLP 

system to achieve a broad use, it must be capable of covering comprehensive clinical 

information and demonstrating effectiveness for a practical application. Thus, in this 

paper, we have described the development of specific case annotators for lung cancer 

domain, using UMIA framework. These annotators can detect information about tu-

mor mutation status, stage of cancer and the PS from clinical text. Although, these 

annotators have been developed general enough so that they can be used in other on-

cological domains but for them to be usable in other languages, the 
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Fig. 6. XMI Annotation results using UIMA annotation viewer 

translation of the annotator’s pattern to the language is required.  

This work is an on-going research, which needs further validations and develop-

ments. Such validations will go into assessment of annotation accuracy for already 

developed annotators whereas the developments will involve the semantic enrichment 

process for annotated medical concepts related to the lung cancer domain. Although, 

the recognition of medical concepts at NE level is one of the fundamental tasks of 

NLP but the judgment of clinical data cannot be understood solely at NE level. For 

example, clinicians can mention EGFR metric in the text for two reasons: (1) request-

ing for an EGFR test or (2) diagnoses of the cancer mutation status. To extract the 

patient’s diagnosed mutation tumor status from clinical text, we need to have more 

semantic than NE level. Therefore, semantic enrichment process needs a great atten-

tion. 

References 

[1] “Cancer,” World Health Organization. [Online]. Available: http://www.who.int/news-

room/fact-sheets/detail/cancer. [Accessed: 12-Jul-2018]. 

[2] “1 in 4 deaths caused by cancer in the EU28.” [Online]. Available: 

http://ec.europa.eu/eurostat/web/products-press-releases/-/3-25112014-BP. [Accessed: 21-

Jun-2018]. 



10 

[3] R. Luengo-Fernandez, J. Leal, A. Gray, and R. Sullivan, “Economic burden of cancer 

across the European Union: a population-based cost analysis,” Lancet Oncol., vol. 14, no. 

12, pp. 1165–1174, Nov. 2013. 

[4] D. Shlomi et al., “Non-invasive early detection of malignant pulmonary nodules by 

FISH-based sputum test,” Cancer Genet., vol. 226–227, pp. 1–10, Oct. 2018. 

[5] A. Zaman and T. G. Bivona, “Emerging application of genomics-guided therapeutics 

in personalized lung cancer treatment,” Ann. Transl. Med., vol. 6, no. 9, p. 160, May 2018. 

[6] “Molecular Profiling of Lung Cancer - My Cancer Genome.” [Online]. Available: 

https://www.mycancergenome.org/content/disease/lung-cancer/. [Accessed: 21-Jun-2018]. 

[7] “NCI Dictionary of Cancer Terms,” National Cancer Institute. [Online]. Available: 

https://www.cancer.gov/publications/dictionaries/cancer-terms. [Accessed: 21-Jun-2018]. 

[8] T. Ahmadzada, S. Kao, G. Reid, M. Boyer, A. Mahar, and W. A. Cooper, “An Update 

on Predictive Biomarkers for Treatment Selection in Non-Small Cell Lung Cancer,” J. 

Clin. Med., vol. 7, no. 6, Jun. 2018. 

[9] M. G. Oser, M. J. Niederst, L. V. Sequist, and J. A. Engelman, “Transformation from 

non-small-cell lung cancer to small-cell lung cancer: molecular drivers and cells of origin,” 

Lancet Oncol., vol. 16, no. 4, pp. e165–e172, Apr. 2015. 

[10] T. Iwahara et al., “Molecular characterization of ALK, a receptor tyrosine kinase ex-

pressed specifically in the nervous system,” Oncogene, vol. 14, no. 4, pp. 439–449, Jan. 

1997. 

[11] V. M. Rimkunas et al., “Analysis of receptor tyrosine kinase ROS1-positive tumors in 

non-small cell lung cancer: identification of a FIG-ROS1 fusion,” Clin. Cancer Res. Off. J. 

Am. Assoc. Cancer Res., vol. 18, no. 16, pp. 4449–4457, Aug. 2012. 

[12] “AJCC - Implementation of AJCC 8th Edition Cancer Staging System.” [Online]. 

Available: https://cancerstaging.org/About/news/Pages/Implementation-of-AJCC-8th-

Edition-Cancer-Staging-System.aspx. [Accessed: 14-Mar-2018]. 

[13] F. C. Detterbeck, D. J. Boffa, A. W. Kim, and L. T. Tanoue, “The Eighth Edition 

Lung Cancer Stage Classification,” CHEST, vol. 151, no. 1, pp. 193–203, Jan. 2017. 

[14] K. S. Mak et al., “Defining a standard set of patient-centred outcomes for lung can-

cer,” Eur. Respir. J., vol. 48, no. 3, pp. 852–860, Sep. 2016. 

[15] “Performance Scales: Karnofsky & ECOG Scores Practice tools | OncologyPRO.” 

[Online]. Available: https://oncologypro.esmo.org/Oncology-in-Practice/Practice-

Tools/Performance-Scales. [Accessed: 12-Jul-2018]. 

[16] M. M. Oken et al., “Toxicity and response criteria of the Eastern Cooperative Oncol-

ogy Group,” Am. J. Clin. Oncol., vol. 5, no. 6, pp. 649–655, Dec. 1982. 

[17] D. A. Hanauer, Q. Mei, J. Law, R. Khanna, and K. Zheng, “Supporting information 

retrieval from electronic health records: A report of University of Michigan’s nine-year 

experience in developing and using the Electronic Medical Record Search Engine 

(EMERSE),” J. Biomed. Inform., vol. 55, pp. 290–300, Jun. 2015. 

[18] Y. Wang et al., “Clinical information extraction applications: A literature review,” J. 

Biomed. Inform., vol. 77, pp. 34–49, Jan. 2018. 

[19] “SNOMED International.” [Online]. Available: https://www.snomed.org/. [Accessed: 

13-Jul-2018]. 

[20] “Unified Medical Language System (UMLS).” [Online]. Available: 

https://www.nlm.nih.gov/research/umls/. [Accessed: 04-May-2018]. 

[21] G. K. Savova et al., “Mayo clinical Text Analysis and Knowledge Extraction System 

(cTAKES): architecture, component evaluation and applications,” J. Am. Med. Inform. As-

soc., vol. 17, no. 5, pp. 507–513, Sep. 2010. 



11 

[22] C. Friedman, G. Hripcsak, W. DuMouchel, S. B. Johnson, and P. D. Clayton, “Natural 

language processing in an operational clinical information system,” Nat. Lang. Eng., vol. 

1, no. 1, pp. 83–108, Mar. 1995. 

[23] A. Coden et al., “Automatically extracting cancer disease characteristics from pathol-

ogy reports into a Disease Knowledge Representation Model,” J. Biomed. Inform., vol. 42, 

no. 5, pp. 937–949, Oct. 2009. 

[24] Q. T. Zeng, S. Goryachev, S. Weiss, M. Sordo, S. N. Murphy, and R. Lazarus, “Ex-

tracting principal diagnosis, co-morbidity and smoking status for asthma research: evalua-

tion of a natural language processing system,” BMC Med. Inform. Decis. Mak., vol. 6, p. 

30, Jul. 2006. 

[25] A. R. Aronson, “Effective mapping of biomedical text to the UMLS Metathesaurus: 

the MetaMap program,” Proc. AMIA Symp., pp. 17–21, 2001. 

[26] V. G. de la Concha et al., “EL ESPAÑOL: UNA LENGUA VIVA.” 

[27] E. Menasalvas Ruiz et al., “Profiling Lung Cancer Patients Using Electronic Health 

Records,” J. Med. Syst., vol. 42, no. 7, p. 126, May 2018. 

[28] E. Menasalvas, A. Rodriguez-Gonzalez, R. Costumero, H. Ambit, and C. Gonzalo, 

“Clinical Narrative Analytics Challenges,” in Rough Sets, 2016, pp. 23–32. 

[29] F. C. Detterbeck, “The eighth edition TNM stage classification for lung cancer: What 

does it mean on main street?,” J. Thorac. Cardiovasc. Surg., vol. 155, no. 1, pp. 356–359, 

Jan. 2018. 

 


