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1 Introduction

Real-world data (RWD) represent data collected from 
diverse areas of routine clinical practice and are considered 
as mutually complementary to randomized controlled tri-
als [1]. The RWD originates from electronic health records 
(EHRs), health insurance claims data, registries (disease 
and product) and pragmatic clinical trials [2]. In Japan, most 
RWD studies are based on administrative databases, includ-
ing insurance claims and diagnosis procedure combination 
(DPC) data. The research evaluating the outcomes of drug/
treatment is not feasible using health insurance claims data 
or DPC data in Japan as they are currently limited to chart-
ing review methods at limited facilities and incur high cost. 
On the other hand, there is a growing research interest in 
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Abstract
Purpose We generated methods for evaluating clinical outcomes including treatment response in oncology using the unstruc-
tured data from electronic health records (EHR) in Japanese language.
Methods This retrospective analysis used medical record database and administrative data of University of Miyazaki Hos-
pital in Japan of patients with lung/breast cancer. Treatment response (objective response [OR], stable disease [SD] or pro-
gressive disease [PD]) was adjudicated by two evaluators using clinicians’ progress notes, radiology reports and pathological 
reports of 15 patients with lung cancer (training data set). For assessing key terms to describe treatment response, natural 
language	processing	(NLP)	rules	were	created	from	the	texts	identified	by	the	evaluators	and	broken	down	by	morphological	
analysis. The NLP rules were applied for assessing data of other 70 lung cancer and 30 breast cancer patients, who were not 
adjudicated,	to	examine	if	any	difference	in	using	key	terms	exist	between	these	patients.
Results A total of 2,039 records in progress notes, 131 in radiology reports and 60 in pathological reports of 15 patients, 
were adjudicated. Progress notes were the most common primary source data for treatment assessment (60.7%), wherein, 
the	most	common	key	terms	with	high	sensitivity	and	specificity	to	describe	OR	were	“reduction/shrink”,	for	SD	were	“(no)	
remarkable	change/(no)	aggravation)”	and	for	PD	were	“(limited)	effect”	and	“enlargement/grow”.	These	key	terms	were	
also found in other larger cohorts of 70 patients with lung cancer and 30 patients with breast cancer.
Conclusion This study demonstrated that assessing response to anticancer therapy using Japanese EHRs is feasible by inter-
preting progress notes, radiology reports and Japanese key terms using NLP.
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using electronic health record (EHR) databases for generat-
ing RWD.

EHRs, simply, are electronic clinical information sys-
tems used and maintained by healthcare systems to collect, 
store and present longitudinal electronic data collected dur-
ing the delivery of healthcare [3–5]. EHR databases contain 
a wider range of variables recorded during medical exami-
nation compared to administrative databases. EHRs cap-
ture large arrays of progressive medical information from 
patients	at	different	 time	points	 in	 the	disease	history	and	
across	different	clinical	care	systems.	EHRs	contain	various	
types of patient-level structured data, such as demograph-
ics, diagnoses, medications, vital signs and laboratory data 
[3]. Utilizing structured data for RWD collection is conve-
nient; however, EHRs also contain considerable amounts 
of unstructured data, such as progress notes which remains 
a	significant	challenge	in	using	EHRs	for	RWD	collection	
[6]. The unstructured data may contain key patient informa-
tion absent from the structured data. Indeed, most clinical 
outcomes are unavailable from structured data but available 
from unstructured data [7]. To evaluate unstructured EHR 
data, researchers are required to manually review a patient’s 
chart	 or	 to	 use	 advanced	 technologies,	 such	 as	 artificial	
intelligence based on natural language processing (NLP). 
NLP has potential to synthesize standardized text strings 
from unstructured notes containing unprotected health 
information. However, NLP methods are still evolving and 
are not widely accessible owing to associated high costs and 
the operating expertise required.

Recently, limited oncology studies in the USA have eval-
uated clinical outcomes, such as tumor response and disease 
progression from unstructured radiology reports using EHR 
databases [8–10]. We aim to utilize the developed method to 
evaluate	comparative	effectiveness	of	treatments	using	EHR	
databases which could generate evidence timelier than the 
evidence generated using the primary data collection [11, 
12]. This is expected to support the decision on treatment 
selection in real world setting. To achieve this objective, 
NLP method is required to handle the routinely collected 
large-scale	EHR	data.	Some	studies	have	specifically	dem-
onstrated the use of NLP in assessing clinical outcomes in 
patients with cancer using EHRs [13, 14]. However, there 
have been challenges pertaining to use of non-English lan-
guage such as word segmentation and functional expres-
sion in the Japanese language [15, 16]. We believe there 
is a dearth of data reporting oncology outcomes using 
unstructured data in Japanese language from EHRs. In this 
descriptive study, we aimed to generate initial methods 
for extracting clinical outcomes of response to anticancer 
drugs such as tumor response and treatment discontinua-
tion in patients with cancer utilizing the EHR of University 
of Miyazaki Hospital in Japanese language. The hospital is 

one of the major hospitals among the ~ 106 hospitals par-
ticipating	in	the	Japanese	EHR	under	“Millennial	Medical	
Record	Project”	[17]. We also applied NLP for morphologi-
cally extracting key terms describing the treatment response 
in unstructured text data of Japanese language so that the 
NLP method allows researchers to generate evidence using 
a large scale EHR database.

2 Methods

2.1 Study design and patient population

This was a retrospective study of patients with cancer using 
databases of medical records and administrative data of Uni-
versity of Miyazaki Hospital in Japan. The study included 
patients ≥ 18 years of age with a diagnosis of lung cancer or 
breast cancer who visited or were admitted to the Univer-
sity of Miyazaki Hospital between April 2018 and Septem-
ber 2020 and who had received anticancer therapy having 
radiology reports and progress notes during the treatment. 
We selected lung cancer patients with longer follow-ups 
for evaluating the treatment response. However, we also 
applied our method to breast cancer patients to conduct pre-
liminary	examination	regarding	any	remarkable	differences	
in using key terms between lung and breast cancer.

Patients who requested the suspension of personal infor-
mation use, or those who were prescribed unapproved drugs, 
and those who were considered ineligible for inclusion by 
the principal investigator, were excluded from the study.

2.2 Study outcomes

Main study outcomes were line of treatment of anticancer 
drug therapy, response to treatment in terms of objective 
response (OR, i.e. complete or partial response), stable dis-
ease (SD) or progressive disease (PD) in real-world. We 
also aimed to identify key terms used to describe treatment 
responses in the medical records.

Criteria for evaluating response to drug treatment, includ-
ing	treatment	effectiveness	and	decision	for	continuing/dis-
continuing	treatment	in	clinical	practice,	were	defined	based	
on the basic principles of RECIST criteria [18]. Adjudica-
tion of treatment response was performed by two evaluators 
(experienced physicians) using clinicians’ progress notes, 
radiology reports and pathological reports according to 
the following criteria of response to treatment: OR – any 
shrinkage of tumor compared to baseline observed in radi-
ology images; PD – any progression compared to baseline 
or	 treatment	discontinuation	due	to	 insufficient	efficacy	or	
intolerance; SD – the outcome when neither OR nor SD 
was observed (Online Resource, Supplementary Methods). 
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Baseline was considered to be the start date ± 1 month of 
each treatment line. Radiology reports included CT, MRI 
and PET-CT scans; whereas simple X-ray interpretation 
results were included in progress notes.

Among all eligible patients, 15 patients with lung can-
cer who had longer follow-ups were selected for the adju-
dication by two evaluators as a training set (Fig. 1). Two 
evaluators reviewed all the progress notes, radiology reports 
and pathological reports for the 15 patients and adjudicated 
treatment	 response	 and	 identified	 texts	 of	 the	grounds	 for	
the	adjudication.	From	identified	texts	of	treatment	response	
by the evaluators, key terms for the treatment response were 
extracted and broken down/selected by morphological anal-
ysis and were then used for generating the NLP rules. These 
NLP rules were applied to 70 patients with lung cancer who 
were not assessed by the evaluators and 30 patients with 
breast cancer, respectively.

For identifying lines of treatment, an algorithm was set 
because medical records do not include information regard-
ing lines of treatment. An initial set of drugs administered at 
first	dosing	after	diagnosis	was	regarded	as	first-line	treat-
ment. A set of drugs administered at the earliest next dosing 
that	was	different	from	those	at	the	first	dosing	was	regarded	
as the second or later line. If the same drug was used in mul-
tiple treatment lines drug treatment records of the patient 
were individually reviewed. Lines of treatment generated 
by this algorithm for patients in the training set were also 
confirmed	by	two	evaluators.

2.3 Data analysis

The anonymized patient information was analyzed within 
the intra-net of University of Miyazaki Hospital. Drug treat-
ments were summarized as per the lines of treatment accord-
ing to the algorithm cited above. Best responses in each 

treatment line which were adjudicated by two evaluators 
were summarized and a concordance correlation was evalu-
ated	by	calculating	the	kappa	coefficient.	A	summary	of	data	
sources (progress notes, radiology reports and pathological 
reports) that contributed to the adjudication was also writ-
ten.	Sensitivity	and	specificity	of	key	terms	extracted	from	
the text data by morphological analysis associated with each 
treatment response (OR, SD, PD) were calculated. The key 
terms	for	treatment	response	were	extracted	from	identified	
texts by the evaluators and were broken down into parts 
of	speech	that	was	further	classified	into	negative/positive	
context by morphological analysis. For the morphological 
analysis, Text Mining Studio of NTT DATA Mathemati-
cal Systems Inc. software was used [19] and a dictionary 
specialized for treatment responses in cancer patients with 
Japanese medical terminologies provided by Medical Infor-
mation System Development Center of a General Incorpo-
rated Association [20], RECIST Guideline version 1.1 of 
Japanese translation and others in addition to the software’s 
standard dictionary was created [18, 21]. Frequency, pro-
portion	and	the	95%	confidence	intervals	of	key	terms	were	
calculated for patients who were not assessed by evaluators. 
Missing values for each variable were summarized but were 
not counted for calculating summary statistics.

3 Results

3.1 Patient disposition and demographics

Between April 2018 and September 2020, of 83,894 patients 
with EHRs who were admitted in the University of Miyazaki 
hospital, 1,930 patients were diagnosed with lung cancer or 
breast	 cancer.	 Among	 eligible	 patients,	 the	 pre-specified	
sample size of 115 patients were selected as described in the 

Fig. 1 Flowchart for morphological analysis
Pts, patients; NLP, natural language processing; OR, objective response; SD, stable disease; PD, progression of disease
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cancer was seen in 1.7% (2/115) of patients; metastasis pri-
mary cancer in 28.7% (33/115); and multiple primary can-
cer in 7.8% (9/115) patients (Table 1).

3.2 Pharmacotherapy for lung cancer

Of 85 patients with lung cancer, all patients (100%) received 
first-line	 and	 27%	 patients	 received	 second-line	 therapy	
according to the algorithm (Fig. 2a). Among the patients 
with	breast	cancer,	100%	patients	received	first-line	therapy	
and 60% received second-line therapy. We could identify a 
single drug or multiple drug combinations for each treatment 

methods. A total of 15 patients with lung cancer with longer 
follow-ups were selected for adjudication, and the other 100 
patients were not assessed by evaluators (70 patients with 
lung cancer and 30 patients with breast cancer). Mean age 
of the patients was 67 years and the majority were females 
(67%). Since this study included patients with breast can-
cer, the percentage of female patients was higher in the 
overall cohort; however, the majority of patients with lung 
cancer assessed by evaluator were males (10/15, 66.7%). 
Most patients (64/115, 55.7%) were treated for stage 3/4 
cancer and 62.6% (72/115) were hospitalized at the time of 
the analysis due to primary cancer. Recurrence of primary 

Patient background All patients
(n = 115)

Lung cancer patients
(n = 70)

Breast cancer patients
(n = 30)

Lung cancer patients assessed 
by evaluators (n = 15)

Age (years), mean ± SD 67.0 (10.5) 67.9 (10.4) 66.1 (10.8) 64.2 (9.9)
Gender
    Female 77 (67.0) 43 (61.4) 29 (96.7) 5 (33.3)
    Male 38 (33.0) 27 (38.6) 1 (3.3) 10 (66.7)
Body weight
    N 88 (76.5) 49 (70.0) 24 (80.0) 15 (100.0)
    Mean ± SD 58.9 (12.2) 57.5 (11.7) 61.9 (14.5) 58.5 (7.9)
Eat/smoke tobacco
    At present 38 (33.0) 25 (35.7) 3 (10.0) 10 (66.7)
    Never 64 (55.7) 36 (51.4) 23 (76.7) 5 (33.3)
    Not mentioned 13 (11.3) 9 (12.9) 4 (13.3) 0 (0.0)
Primary disease stage
    Stage 1 10 (8.7) 3 (4.3) 6 (20.0) 1 (6.7)
    Stage 2 9 (7.8) 2 (2.9) 6 (20.0) 1 (6.7)
    Stage 3 15 (13.0) 6 (8.6) 6 (20.0) 3 (20.0)
    Stage 4 49 (42.6) 38 (54.3) 2 (6.7) 9 (60.0)
    Not mentioned 32 (27.8) 21 (30.0) 10 (33.3) 1 (6.7)
History of hospitalization due to primary disease
    At present 72 (62.6) 37 (52.9) 20 (66.7) 15 (100.0)
    None 18 (15.7) 9 (12.9) 9 (30.0) 0 (0.0)
    Not mentioned 25 (21.7) 24 (34.3) 1 (3.3) 0 (0.0)
Original disease surgery history
    At present 10 (8.7) 3 (4.3) 4 (13.3) 3 (20.0)
    None 4 (3.5) 0 (0.0) 4 (13.3) 0 (0.0)
    Not mentioned 101 (87.8) 67 (95.7) 22 (73.3) 12 (80.0)
History of radiation therapy
for the original disease
    At present 9 (7.8) 5 (7.1) 1 (3.3) 3 (20.0)
    None 10 (8.7) 3 (4.3) 5 (16.7) 2 (13.3)
    Not mentioned 96 (83.5) 62 (88.6) 24 (80.0) 10 (66.7)
Recurrence of primary disease
    At present 2 (1.7) 0 (0.0) 1 (3.3) 1 (6.7)
    None 113 (98.3) 70 (100.0) 29 (96.7) 14 (93.3)
Metastasis of primary disease
    At present 33 (28.7) 23 (32.9) 7 (23.3) 3 (20.0)
    None 82 (71.3) 47 (67.1) 23 (76.7) 12 (80.0)
Multiple-primary cancer
    At present 9 (7.8) 3 (4.3) 5 (16.7) 1 (6.7)
    None 106 (92.2) 67 (95.7) 25 (83.3) 14 (93.3)

Table 1 Patient demographics
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cancer (Fig. 2c). Treatment lines generated by the algorithm 
were	confirmed	by	two	evaluators	and	were	thus	approved.

3.3 Adjudication results

Of 2,039 records in clinicians’ progress notes, 131 records 
in radiology reports and 60 records in pathological reports 
of 15 patients with lung cancer, treatment response was 

line. Carboplatin + paclitaxel, pembrolizumab + carbopla-
tin + pemetrexed sodium, cisplatin + docetaxel, and pem-
brolizumab + carboplatin + paclitaxel were some of the 
drug	combinations	used	as	first-line	agents	in	patients	with	
lung cancer (Fig. 2b). Cyclophosphamide + doxorubicin 
and Docetaxel + pertuzumab were the drug combinations 
used in primary line of treatment for patients with breast 

Fig. 2 Pharmacological treatment for patients with lung cancer (n = 85) 
and breast cancer (n = 30) (a) Patients receiving pharmacological treat-
ment for lung cancer as per the line of treatment (n = 85) (b) Common 
drug	regimen	in	first-line	(blue	bars),	second-line	(red	bars)	and	third-
line (black bars) treatment for patients with lung cancer (n = 85). (c) 
Common	drug	regimen	in	first-line	(blue	bars),	second-line	(red	bars)	

and third-line (black bars) treatment for patients with breast cancer 
(n = 30). The drug or combination of drugs for which the frequency is 
> 3 is presented here. aGenetic combination. CPA, cyclophosphamide; 
FU,	fluorouracil;	BVZ,	bevacizumab;	CBP,	carboplatin;	PTXL,	pacli-
taxel;	ATZ,	atezolizumab.;	PS,	pemetrexed	sodium
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of	OR,	“reduction/shrink”	was	the	most	common	key	term	
(69%) used to describe tumor response, with the highest 
sensitivity	 and	 specificity	 in	 the	 progress	 notes	 (Fig.	 4a). 
However, it was less frequent in radiology reports (Online 
Resource,	 Supplementary	 Fig.	 1a).	 “(No)	 remarkable	
change/	(no)	aggravation)”	was	the	most	common	key	term	
(51–44%) used to describe stable disease in progress notes 
(Fig. 4b). Pertinent key terms used in radiology reports were 
“(no)	lesion”	and	“(no)	change”	(Online	Resource,	Supple-
mentary Fig. 1b). Key terms used to describe progressive 
disease	were	“(limited)	effect”	and	“enlargement/grow”	in	
progress notes (Fig. 4c).	However,	it	was	difficult	to	detect	
characteristic words in radiology reports (Online Resource, 
Supplementary	 Fig.	 1).	 “reduction/shrink”,	 “effect”	 and	
“improvement”	 were	 mostly	 used	 in	 the	 positive	 context	
in reporting tumor response in progress notes and radiol-
ogy	 reports.	Whereas	 “remarkable	 change”	was	used	 in	 a	
negative context in progress reports and radiology reports 
(Table 3).	Key	terms	identified	in	15	patients	were	also	con-
firmed	in	progress	notes	and	radiology	reports	in	the	other	
larger cohort of patients with lung cancer not assessed by 
evaluators and also in patients with breast cancer (Online 
Resource, Supplementary Tables 2 and 3). No remarkable 
differences	were	found	in	the	other	larger	cohort	of	patients	

adjudicated by two evaluators. Among these records, 182 
and 47 records, respectively, were adjudicated for OR, 
SD, or PD because other records were not related to treat-
ment response (Online Resource, Supplementary Table 1). 
Among 28 therapy treatment lines used in 15 patients, best 
response	 to	 each	 treatment	 was	 identified.	 For	 the	 best	
response, clinicians’ progress notes were the most com-
mon primary source data for treatment response assessment 
(60.7%), followed by radiation reports (28.6%) (Fig. 3). A 
concordance	 correlation	 coefficient	 (kappa	 coefficient)	 of	
0.59 was obtained for two evaluators in adjudicating the 
results of best response (Table 2).

3.4 Key terms extracted by evaluators for 
adjudication on response to treatment

Key terms were extracted by evaluators after adjudication of 
text data from 182 records in progress notes and 47 records 
in radiation reports. Among these, OR had 72 records, SD 
had 71 records and PD had 48 records in progress notes; 
and corresponding numbers in radiation reports were 26, 20, 
and 16. In total, 610 key terms were extracted from prog-
ress notes and 555 from radiation reports. Key terms were 
translated from Japanese to English. For treatment response  

Table 2	 Inter-evaluator	agreement	in	best	effects	of	tumor	assessment	based	on	evaluator’s	review	for	patients	with	lung	cancer
Evaluator B
OR SD PD Not for  

determination
Not  
applicable

Unevaluable Not mentioned Total

Evaluator A OR 15 0 0 0 0 0 0 15
SD 2 2 0 0 0 0 0 4
PD 1 0 3 0 0 0 0 4
Not for determination 0 0 0 0 0 0 0 0
Not applicable 0 0 0 0 0 0 0 0
Unevaluable 0 3 0 0 0 1 0 4
Not mentioned 0 1 0 0 0 0 0 1
Total 18 6 3 0 0 1 0 28

OR, objective response; SD, stable disease; PD, progressive disease

Fig. 3 Source data for adjudica-
tion	of	the	best	effect	for	tumor	
assessment
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EHR-derived data [8]. Our study aimed to assess response 
to drug treatment in clinical practice by taking into consid-
eration the principle of the RECIST criteria including the 
decision of continuing/discontinuing treatment. It was feasi-
ble	to	evaluate	the	treatment	response	using	criteria	defined	
in this study which were based on retrospective review 
of radiology reports and progress notes. This approach of 
assessing the real-world response is increasingly used for 
comparative	effectiveness	research	such	as	overall	survival	
and progression-free survival particularly in the US but has 
not been done in Japan yet [9, 10, 14]. Our study provides 
the results of research evaluating such an approach using 
Japanese EHRs.

A limited number of studies has evaluated the feasibility 
of developing NLP tools for identifying textual sources for 
oncological outcomes in medical records regarding phar-
macotherapy and tumor response [13, 14]. In these studies, 
NLP was employed to extract clinically relevant oncologic 
endpoints from unstructured EHR data [13, 14]. In this study 
we utilized NLP tools specialized for Japanese language for 
assessing response to drug treatment in patients with cancer. 
There were challenges pertaining to the use of non-English 
language in many other countries for using the NLP tools 
such as word segmentation and functional expression of 
Japanese language [15, 16]. This could be due to spelling 
variants and orthographical variants of Japanese language. 
For tackling these challenges in our study, the dictionary 

with lung cancer. However, in the progress notes of the 
breast cancer patients, there was a little use of the terms 
related	 to	 lung	 such	as	 “Infiltration	 shadow”	and	“Pleural	
effusion”	 that	were	 identified	as	 the	key	word	 in	 the	 lung	
patients. But again, these terms were used in the radiology 
reports of the patients with breast cancer.

3.5 Mortality assessment

Throughout the study period, 3 deaths were recorded and all 
of them occurred in the hospital (2 deaths in patients with 
lung cancer and 1 in patient with breast cancer) (Online 
Resource, Supplementary Table 4).

4 Discussion

Our study demonstrated that evaluation of treatment 
response to each line of treatment was feasible in patients 
with lung cancer, using Japanese EHR such as progress 
notes and radiology reports that are in Japanese language. 
We	identified	key	terms	with	high	specificity	and	sensitivity	
to assess treatment response and we could also determine 
their use in positive/negative context.

In	a	study	by	Griffith	et	al.,	owing	 to	missing	data	and	
lack of clarity in radiology reports, RECIST could not ade-
quately assess progression of non-small cell lung cancer in 

Fig. 4	 Frequency,	sensitivity	and	specificity	of	top	15	key	terms	for	the	
adjudication extracted by the evaluators in progress notes (a) Treat-
ment responses (n = 72 units: records) (b) Stable disease (n = 71 units: 
records) (c) Progression of disease (n = 48 units: records) (d) Sensitiv-

ity	and	specificity	of	key	terms	for	treatment	responses	(e)	Sensitivity	
and	specificity	of	key	terms	for	stable	disease	(f)	Sensitivity	and	speci-
ficity	of	key	terms	for	progression	of	disease
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using these databases and the algorithm for identifying them 
in our study is simple and feasible for large databases [22].

Our study has some inherent limitations. As the evalu-
ators adjudicated fewer patients, since the purpose of this 
study is feasibility, we could not cross-validate the devel-
oped NLP rules. In addition, patients who had longer follow-
up of anticancer drug therapy was selected for adjudication 
to evaluate diverse expressions for treatment responses of 
OR, SD, and PD, which might introduce selection bias, e.g., 
patients who have early treatment failure due to tumour 
flare	or	intolerance	might	not	be	presented	among	those	15	
patients. Therefore, further studies are required to validate 
methodologies developed in our study. One of the impor-
tant limitations of the Japanese EHR is the lack of linkage 
among hospitals and clinics in the Japanese medical practice 
environment resulting in the inability to analyze survival 
time/death outcomes. Moreover, treatment and imaging 
tests outside the hospital were not considered. Information 
about	death	and	death	date	(confirmed	date)	is	available	in	

specialized for treatment responses in cancer patients was 
created on the top of the standard dictionary, which led high 
sensitivity	and	specificity	of	key	terms	related	to	treatment	
response. We also generated the rules of specifying positive/
negative expressions for key terms broken down by morpho-
logical analysis, which was required for assessing response.

Our study also investigated the algorithm for lines of 
treatment of anticancer drugs. Patients with cancer in gen-
eral receive several treatment lines and some of the regi-
mens consist of multiple drugs with varying timing of drug 
administration. The information about treatment lines or 
treatment	regimen	is	critical	for	ensuring	drug	effectiveness	
and safety in studies using large databases. Real-world treat-
ment pattern is one of the frequently researched questions 
using administrative databases or EHR. Despite availability 
of prescription records/data, these databases have limited 
information regarding treatment line. However, some stud-
ies have reported methods to identify the treatment regimen 

Table 3 Positive and negative context of key terms in progress notes and radiology reports
Expression (N) Progress notes

(n = 182)
Radiology report
(n = 47)

Objective 
response
(n = 72)

Stable 
disease
(n = 71)

Progressive 
disease
(n = 48)

Objective 
response
(n = 26)

Stable 
disease
(n = 20)

Pro-
gressive 
disease
(n = 16)

Reduction/Shrink Positive 23 49 (68) 4 (6) 8 (17) 17 (65) 3 (15) 7 (44)
Negative 6 0 (0) 1 (1) 5 (10) 0 (0) 0 (0) 0 (0)

Effect Positive 13 12 (17) 1 (1) 3 (6) 4 (15) 0 (0) 1 (6)
Negative 6 0 (0) 0 (0) 2 (4) 0 (0) 0 (0) 0 (0)

Remarkable change Positive 0 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)
Negative 7 13 (18) 27 (38) 1 (2) 16 (62) 7 (35) 6 (38)

Improvement Positive 12 13 (18) 2 (3) 2 (4) 7 (27) 2 (10) 0 (0)
Negative 0 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Lesion Positive 9 1 (1) 0 (0) 5 (10) 5 (19) 3 (15) 6 (38)
Negative 15 4 (6) 4 (6) 3 (6) 10 (38) 4 (20) 5 (31)

Infiltration	shadow Positive 7 1 (1) 2 (3) 6 (13) 0 (0) 0 (0) 0 (0)
Negative 7 3 (4) 5 (7) 1 (2) 0 (0) 0 (0) 0 (0)

Metastasis Positive 8 0 (0) 0 (0) 1 (2) 9 (35) 6 (30) 5 (31)
Negative 4 0 (0) 0 (0) 0 (0) 10 (38) 0 (0) 3 (19)

Pleural	effusion Positive 10 0 (0) 0 (0) 5 (10) 1 (4) 1 (5) 2 (13)
Negative 5 4 (6) 1 (1) 1 (2) 2 (8) 1 (5) 0 (0)

Change Positive 17 0 (0) 1 (1) 1 (2) 8 (31) 4 (20) 7 (44)
Negative 9 1 (1) 4 (6) 1 (2) 3 (12) 4 (20) 2 (13)

Enlargement/grow Positive 9 1 (1) 1 (1) 14 (29) 8 (31) 2 (10) 11 (69)
Negative 2 1 (1) 0 (0) 0 (0) 1 (4) 0 (0) 0 (0)

Constant Positive 1 1 (1) 7 (10) 0 (0) 0 (0) 0 (0) 0 (0)
Negative 0 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Aggravation Positive 7 0 (0) 0 (0) 2 (4) 2 (8) 0 (0) 4 (25)
Negative 7 0 (0) 7 (10) 0 (0) 5 (19) 0 (0) 0 (0)

Size Positive 0 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)
Negative 16 0 (0) 3 (4) 2 (4) 6 (23) 2 (10) 4 (25)

Data present n (%): where the % is calculated taking N of response, stable disease or progressive disease as denominator
Registered expressions (N): number of expressions categorized for positive or negative expression for each key ter
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