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Using electronic medical records to study lung cancer prognosis 

 

 

Abstract 

 

Lung cancer is the most commonly diagnosed malignancy and is a leading cause of 

cancer-related deaths worldwide. In the US, the current five-year survival is about 20.6%, which 

is significantly lower than most leading cancers, such as prostate cancer (99%), breast cancer 

(91%), and colon cancer (66%). Survival of lung cancer patients is heterogeneous, even within 

the stage group. The identification of stable and reliable prognostic variables and the 

development of prediction tools are needed to identify the subgroup with better or worse 

outcomes. Electronic medical records (EMRs) provide a low-cost means of accessing rich 

longitudinal data on large populations for research. It allows us to evaluate multiple risk factors 

including clinical, demographic, treatment, molecular, behavior information, and lung cancer 

progression simultaneously, enabling development of predictive models.  

 

In chapter 1, we assembled a lung cancer cohort using EMRs from a large healthcare 

system (Partners HealthCare). Phenotyping algorithm was applied to identify lung cancer 

patients. Extraction strategies combining structured and unstructured data were used to collect 

demographics, clinical outcomes, prognostic factors, and treatment information for lung cancer 

patients. Data completeness was evaluated, and data accuracy was assessed by comparing with 

the Boston Lung Cancer Study (BLCS) database and chart review results.  



 iv 

 

In chapter 2, a prognostic model for 5-year overall survival (OS) was developed and 

validated for newly diagnosed non-small cell patients. We identified age, sex, smoking status, 

histological type, stage, BMI, albumin, ALP, creatinine, HGB, RDW, WBC, NLR, calcium and 

sodium as significant predictors of 5-year OS. Our model achieved higher discrimination 

compared with the model based on sex, age, stage, and histological type. A more accurate 

outcome prediction model, which can be applied upon the diagnosis of NSCLC, would be 

essential for informed decisions making regarding clinical care and practice. 

 

Finally, in chapter 3, we aimed to identify advanced NSCLC patients who likely benefit 

from PD-1/L1 inhibitors. We proposed a prognostic score to stratify advanced NSCLC patients 

treated with PD-1/L1 inhibitors into poor, intermediate, and good groups for progression free 

survival. 

 

Added up, we assembled a large lung cancer cohort, investigated how clinical factors 

influence the prognosis of non-small cell lung cancer, and develop integrative prediction 

algorithms for clinical outcomes. 
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Using electronic medical records to assemble a cohort for studying lung cancer prognosis 

 

Abstract 

Background: Electronic medical records (EMRs) provide a low-cost means of accessing 

longitudinal data on large populations with detailed information regarding diagnosis, clinical 

procedures, medications, and laboratory tests. A lung cancer cohort assembled from EMR 

represents a powerful resource for studying prognosis. 

 

Method: A classification algorithm was developed to identify lung cancer patients from a large 

healthcare system (Partners HealthCare) between 1988 to October 2018. Data were extracted 

from both structured data and unstructured clinical notes processed by natural language 

processing (NLP) tools. We developed a new tool, NLP Interpreter for Cancer Extraction 

(NICE), to extract stage, histological type, and tumor mutations. Data completeness was 

evaluated, and data accuracy was assessed by comparing with the Boston Lung Cancer Study 

(BLCS) database and chart review results. 

 

Results: The initial population contains 76,643 patients with at least one diagnostic code related 

to lung cancer. A total of 42,069 lung cancer patients were identified as lung cancer cases 

through classification model. Excluding patients with lung cancer history and patients with less 

than 14 days of follow-up after diagnosis resulted in a final cohort of 35,375 patients with data 

on demographics, clinical outcomes, prognostic factors, and treatment information. Analysis for 

overall survival showed high consistency between the EMR and BLCS cohorts, as Cox 
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regression models controlled for age, sex, race, smoking status, histological type, stages yielded 

similar estimates.  

 

Conclusion: We assembled a large scale EMR-based lung cancer patient cohort with detailed 

longitudinal measurements of clinical factors over time. This study would help to better 

understand how clinical factors influence the progression of lung cancer. 
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Introduction 

Globally, lung cancer has been the most common cancer diagnosed and the leading cause of 

death from cancer for several decades.1 In the US, the current five-year survival is about 20.6%, 

and has only been improved slightly from 12.2% over the past four decades.2 The prognosis of 

lung cancer is heterogeneous with various prognostics factors. 3-7 The identification of stable and 

reliable prognostic variables would help to identify the subgroup with a better or worse response 

and serve as the evidence for decision-making regarding specific therapeutic interventions. 

 

Many studies have leveraged epidemiology cohorts for lung cancer prognosis research, such as 

Surveillance, Epidemiology, and End Results (SEER) and The International Lung Cancer 

Consortium (ILCCO).8-11 They used cancer registries, questionnaires, or ask clinical staff to 

obtain high-quality data, which require substantial time and effort. The growing availability of 

electronic medical records (EMR) data offers a timely and low-cost alternative with potential of 

efficiently including considerable study populations.12,13 In addition, some studies use EMR to 

provide complementary data from real-life treatment populations to support clinical trials.14-17 

Rich longitudinal data regarding diagnosis, clinical procedures, medications, and tests in EMR 

offers new opportunities for lung cancer research. On the other hand, when bringing rich sources 

for analysis, the large amount and diversity of EMR data also introduce further difficulty to 

perform mining for cancer-related data. These facts make natural language processing a requisite 

technology for data extraction.18,19 

 

In this work, we firstly developed a classification algorithm that accurately identified lung cancer 

patients from a large healthcare system (Partners HealthCare). Variables of interest were 
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extracted from both structured data and unstructured clinical notes. We developed an NLP tool 

named NLP interpreter for cancer extraction (NICE) to apply data mining for cancer-related 

characteristics including clinical stage, TNM stage, histology, cancer first reported date, 

mutation variables. In addition, we adopted our previously developed tool EXTEND for 

extraction of height, weight, human body mass index (BMI), and Eastern Cooperative Oncology 

Group (ECOG) status. Data completeness was evaluated, and data accuracy was assessed by 

comparing with the Boston Lung Cancer Study (BLCS) database and chart review results. Our 

primary goal is to build a lung cancer cohort that is reliable for prognosis study using EMRs and 

also serves as a general approach for assembling EMR cohort to study cancer progression. 
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Materials and Methods 

Data source and study population 

EMR data were from the Massachusetts General Hospital (MGH) and Brigham and Women’s 

Hospital (BWH) using Partners HealthCare System Research Patient Data Registry (RPDR). The 

Institutional Review Board of Partners HealthCare (Protocol Number: 1999P004935/PHS) 

approved this study. Initial data mart contains 76,643 patients with at least one diagnostic code 

related to lung cancer (International Classification of Diseases-10 [ICD-10]: 162, 1620, 1622, 

1623, 1624, 1625, 1628, 1629, 20921, 2312, ICD10:C33, ICD10:C34.00, ICD10:C34.10, 

ICD10:C34.2, ICD10:C34.30, ICD10:C34.80, ICD10:C34.90, ICD10:C7A.090, ICD10:D02.20, 

ICD10:Z85.118, V1011).  

 

The Boston Lung Cancer Study (BLCS) is a cancer epidemiology cohort of lung cancer cases 

enrolled at MGH and the Dana-Farber Cancer Institute from 1992-present. 6,225 patients from 

MGH can be linked to EMR database and were used for comparison for our study. 

Demographics, smoking status, clinical characteristics as well as first-line treatments 

immediately after diagnosis were collected at baseline from questionnaire, pathology reports, and 

clinical notes. Follow up medical records review was conducted to gather the survival 

information.  

 

Identification of lung cancer patients 

Training labels. To develop the classification algorithm to identify lung cancer patients, a total of 

200 individuals were randomly selected as the gold-standard set. Medical record reviews of 200 
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charts were performed by two reviewers Qianyu Yuan (200 charts) and Andrea Shafer (200 

charts) separately.  

 

Features. A list of candidate features including codified data and informative medical concepts, 

were created for the classification algorithm. 1) The total number of ICD codes for lung cancer 

were counted for each patient. 2) We followed the previously published Surrogate-Assisted 

Feature Extraction (SAFE) method to generate a list of candidate lung cancer concepts.20  

 

Algorithm training and evaluation. We developed the classification algorithm for lung cancer 

disease status using LASSO penalized logistic regression, which further reduced the number of 

variables in the model and optimized external validity. The final features feed into the 

classification algorithm include the total number of ICD codes for lung cancer and the total 

number of mentions of medical concepts “lung carcinoma” and “malignant lung neoplasm” in 

clinical notes. Comparing against chart-review gold-standard labels, performance characteristics 

of the classification algorithm were reported using the area under the receiver operating 

characteristic curve (AUC), positive predictive value (PPV), sensitivity, specificity, and F-score 

(harmonic mean of PPV and sensitivity). We chose 90% specificity as the threshold for a binary 

classifier. Cross-validation with 70:30 splits averaged over 100 random partitions was used to 

correct for overfitting bias. The algorithm assigned each patient a probability of having lung 

cancer. Those with probabilities above a threshold that achieves 90% specificity were classified 

as having lung cancer. We used established phenotyping package PheCAP in R version 3.5.0 for 

algorithm development.21 
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Data extraction 

The RPDR includes patient demographics, vital signs, laboratory test results, problem list entries, 

prescribed medications, billing codes, and clinical notes.22 Based on research purposes, we 

extracted demographics, clinical outcomes, prognostic factors, and treatment information from 

both structured data and clinical notes using the NLP tools (Table 1.1). We use the published tool 

Extraction of EMR Numerical Data (EXTEND)23 to extract ECOG and BMI information. For 

other variables including cancer stages, histology, and mutation information, we developed a 

new tool named NLP Interpreter for Cancer Extraction (NICE) to perform data extraction from 

clinical notes including discharge summary, progress notes. For variables that use both structured 

data and clinical notes or have multiple values, we used rule-based approaches or prediction 

models to gather the final value.  

  



 8 

Table 1.1 Data sources and description  
Variable Data sources and extraction method Variable description 

 Structured data  Unstructured 

data 

 

Demographic    

    Birthday Demographics   

    Sex  Demographics   

    Race & Ethnicity Demographics   

Clinical outcomes    

    Diagnosis date Diagnosis codes 

(ICD-9/10 codes) 

NICE Date of the lung cancer diagnosis 

    Overall survival Visits or deaths  Death time/last visit time - diagnosis date  

Prognostic factors    

    Stage  NICE TNM stage and clinical stage 

    Histology type  NICE Non-small cell lung cancer (adenocarcinoma, 

squamous cell carcinoma, other non-small cell 

carcinoma), small cell lung cancer 

    Smoking status   Smoker and non-smoker 

    BMI Vital signs EXTEND Weight in kilograms divided by the square of 

height in meters 

    ECOG   EXTEND Grade 0 to 4 

    Laboratory test  Laboratory tests 

codes 

 Complete blood count, metabolic panel, 

prothrombin time, lipid panel, liver panel, 

thyroid stimulating hormone, hemoglobin 

A1C and urinalysis 

    Tumor mutation  NICE Genetic alterations in EGFR, KRAS, ALK, 

ROS1, MET, and BRAF 

    Medical history  Diagnosis codes 

(ICD-9/10 codes) 

 Respiratory disease (e.g., COPD, asthma), 

cardiovascular disease and etc. 

Treatment    

    Surgery Procedure codes 

(CPT/ICD-10 

codes) 

 Surgery procedure (lobectomy, 

segmentectomy, wedge resection, wedge 

resection, video-assisted thoracic surgery 

(VATS)) 

    Radiation therapy Procedure codes 

(CPT/ICD-10 

codes) 

 Radiation therapy procedure 

    Chemotherapy Procedure codes 

(CPT/ICD-10 

codes) and 

medication names 

 Chemotherapy procedures, lung cancer 

chemotherapy drugs 

    Target therapy/ 

immune therapy 

Medication names  Lung cancer target therapy and 

immunotherapy drugs 
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Variables extracted from structured data 

Birthday, sex, and race/ethnicity were stored in the structured coded data. Birthday was used for 

calculating age of diagnosis. Race was categorized into five categories: White, Asian, Black, 

Hispanic and others. Common treatments for lung cancer patients include surgery, chemotherapy, 

radiation therapy, target therapy, and immunotherapy can be found in prescribed medications, 

billing codes. Surgery and radiation therapy were extracted using ICD-9/10 and Common 

Procedural Terminology (CPT) codes. Chemotherapy, target therapy, and immunotherapy were 

extracted from ICD-9/10-CM, CPT, and medication codes. Common laboratory tests include 

complete blood count, metabolic panel, prothrombin time, lipid panel, liver panel, thyroid 

stimulating hormone, hemoglobin A1C and urinalysis. The numeric value with its measurement 

dates were extracted using structured codes.   

 

Variables extracted from unstructured data 

NLP Interpreter for Cancer Extraction (NICE) was developed to extract lung cancer concepts, 

cancer stages, histology, and mutation information (Figure1.1). 
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Figure1.1 Workflow of NICE 
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For the extraction of lung cancer concepts, we built a dictionary containing all synonyms of the 

concept ‘lung cancer’ such as ‘lung cancer’ and ‘lung carcinoma’ using the Unified Medical 

Language System (UMLS). All notes were processed to identify the positive mention of the ‘lung 

cancer’ concept via Named Entity Recognition (NER). E.g. ‘Lung cancer’ in a sentence like ‘The 

patient denies lung cancer history’ was ignored. Date information was also extracted if a date was 

mentioned in the same sentence as the concept of ‘lung cancer’ was located. E.g., “Lung cancer 

(HCC) 11/18/2014.”. The date “11/18/2014” was assigned to the concept mention of ‘lung cancer’.  

The most mentioned dates of the ‘lung cancer’ concept was combined with ICD-9/10 codes time 

to choose the earlier time as the cancer diagnosis date. 

 

For the extraction for stage and histology, we built dictionaries for both that are similar as for lung 

cancer concept. Then we processed notes to identify positive mention of stage and histology. 

Because stage information can also be mentioned for other diseases such as various other cancers, 

sleep status, bed sore, and chronic kidney disease, we ignored the mention of stage with mention 

any of these diseases in the same sentence. We also excluded the mention of histology if there was 

a mention of other cancer instead of lung cancer. The mention of stage and histology will be 

categorized into three confidence levels: high, medium, and low. A high confidence level was 

assigned when the lung cancer concept appeared in the same sentence. A medium confidence level 

was assigned when the lung cancer concept appeared in the same note instead of the same sentence. 

We assigned la ow confidence level to stage or histology concept if there was no mention of lung 

cancer concept in the same note. We built regular expression patterns for extracting TNM stages 

as additional stage information then convert TNM stages to clinical stages. For histological type, 

phrases were grouped into four categories: non-small cell lung cancer, small cell lung cancer, 
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adenocarcinoma, squamous cell carcinoma. If at least two histological types were mentioned, the 

most commonly occurring phrases were selected. If the most commonly occurring type is non-

small cell lung cancer, we choose the most occurring subtype: adenocarcinoma or squamous cell 

carcinoma. If none of these subtypes were mentioned, the histological type was defined as non-

small cell unspecified. For stage, phrases were extracted and grouped into the seven categories: 

stage I, stage II, stage III, and stage IV, extensive stage, limited stage, and metastatic. 

 

Gene alterations that listed in the NCCN guideline and have been identified that impact therapy 

selection including EGFR, KRAS, ALK, ROS1, and BRAF. For patients who received tumor 

diagnostic tests from Partners including Snapshot assay, Fluorescent in situ hybridization (FISH), 

Immunohistochemistry (IHC), we extracted results from the molecular pathology reports. The 

process of the extraction is similar to for stage and histology, but we don’t perform the 

categorization of confidence level because the mention of these genetic variables in pathology 

notes is specific without ambiguation. 

 

For smoking status, each patient was assigned as a smoker or non-smokers and was predicted using 

classification model combining structured coded data and clinical notes. To calculate BMI, height 

and weight or calculated BMI recorded with measurement date were extracted using structured 

data. BMI and ECOG performance status documented in clinical notes were extracted using the 

NLP tool EXTEND.23 
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Patient selection criteria  

This study excluded patients whose lung cancer history ICD codes (ICD10: Z85.118, V1011) 

were earlier than lung cancer ICD codes, under the assumption that they were recurrent or 

secondary primary lung cancer patients. Patients with follow up less than 14 days after diagnosis 

were also excluded. 

 

Data quality assessment 

To assess the utility of using EMR data in cancer research, the quality of the database should be 

evaluated, here we assessed the completeness and accuracy of the dataset. 

 

Completeness 

First, the percentage of completeness was calculated for each variable on patient-level to 

measure whether patients had at least one measurement for the variable. Second, two months’ 

time window before and after diagnosis was cut to measure the data availability at the time of 

diagnosis. We further investigated the relationship between completeness and year of diagnosis 

as well as the visit days they were present in hospitals. 

 

Accuracy 

The accuracy of basic characteristics was assessed by comparison with two datasets. One is 

random samples from the data mart, which is manually reviewed. Chart review gathered data 

retrospectively from EMR system and can be viewed as a gold standard. The accuracy was tested 

when comparing chart review and EMR data. Another is the large sample size BLCS cohort, 
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which prospectively collect data with its multiple data collection sources. Agreement would be 

tested by comparing data curated from BLCS and data from EMR. 

 

Firstly, we assessed the distribution pattern across for basic characteristics. Secondly, we 

specifically tested the accuracy for diagnosis date, histological type, and clinical stages as these 

variables are extracted from clinical notes and are essential for prognosis study. For assessment 

of the diagnosis date, absolute discrepancies were calculated by the difference between EMR 

estimated dates and diagnosis dates from chart review or cohort data. Distributions of the date 

difference was shown using histograms. Percentage of absolute discrepancy of more than 90 

days, 180 days and one year was calculated. Contingency tables comparing chart review/BLCS 

data and EMR data were compared to test the accuracy/agreement for histological and clinical 

stages. To assess whether EMR data yield valid estimates, Cox proportional models control for 

age, sex, race, smoking status, histological type, stage were conducted within the population of 

BLCS, using data curated from BLCS and EMR data separately. The hazard ratio and p values 

that test the effect of each variable on overall survival would be compared to test the consistency 

of results. 
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Results 

 

 

Study population and extracted variables 

Among the 200 reviewed charts, we identified 142 true lung cancer cases, 55 non lung cancer 

patients, and three uncertain patients. The best classification model identified 42,069 lung cancer 

patients with a sensitivity of 75.2%, specificity of 90.0%, PPV of 94.4, F score of 0.837, and 

AUC of 0.927. Excluding patients with lung cancer history (n=2,876), and patients with less than 

14 days of follow-up after diagnosis (n=5,302) resulted in a final cohort of 35,375 patients. Over 

the study period, the number of patients diagnosed across calendar years increased (Figure 1.2). 

 

 
Figure 1.2 Number of lung cancer patients identified from Partners 
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A summary of demographic and baseline characteristics of the full cohort and final cohort was 

presented in Table 1.2. In the final cohort, the median age at diagnosis was 66.0 years; around 

half of the patients were female (53.0%, n=18,754), the majority of them were white (85.1%, 

n=30,097) and most had a history of smoking (92.3%, n=32,650). 89.8% of the patients were 

non-small cell patients (59.5% adenocarcinoma patients, 18.9% squamous cell, and 11.7% other 

non-small cell lung cancer) and 9.9% were small cell lung cancer patients. 42.5% of patients 

were diagnosed at early stage and 57.5% were diagnosed at late stage. 

 

Table 1.2 Basic characteristics of the full cohort and final cohort 
   Full cohort(n=42,069)  Final cohort(n=35,375) 

Characteristics Number (%) Number (%) 

Age at initial diagnosis  66.0±11.6   66.0±11.5  

Gender 
 

 

Female 22,158 (52.7)  18,756 (53.0)  

Male 19,898 (47.3)  16,613 (47.0)  

Unknown    13 (0.0)      6 (0.0)  

Ethnicity 
 

 

White 35155 (83.6) 30,140 (85.2)  

Black 1210 (2.9)  1,040 (2.9)  

Asian 1007 (2.4)   857 (2.4)  

Hispanic   395 (0.9)    323 (0.9)  

Other 321 (0.8) 267 (0.8) 

Unknown 3981 (9.5)   2,748 (7.8)  

Smoking Status 
 

 

Smoker 38,492 (91.5)  32,650 (92.3)  

Non-Smoker  3,577 (8.5)   2,725 (7.7)  

Histology   

      Completeness (%) 82.2 87.1 

Adenocarcinoma 20,256 (58.6)  18,331 (59.5)  

Squamous cell  6,401 (18.5)   5,816 (18.9)  

NSCLC unspecified  4,409 (12.7)   3,601 (11.7)  

Small cell  3,535 (10.2)   3,065 (9.9)  

Stage   

      Completeness (%) 69.7 75.9 

1   7,714 (26.3)    7,083 (26.4)  

2   3,357 (11.5)    3,069 (11.4)  

3   6,363 (21.7)    5,889 (21.9)  

4   9,380 (32.0)    8,495 (31.6)  

Limited   1,324 (4.5)    1,222 (4.6)  

Extensive   1,177 (4.0)    1,085 (4.0)  
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For patients in the final cohort, 38.5%, 39.7%, and 41.6% of the patients received the surgery, 

chemotherapy, and radiation therapy within the Partners system with ICD 9/10 codes, procedure 

codes, or medication codes available.  29.5%, 20.4%, and 24.4% of the patients received the 

surgery, chemotherapy, and radiation therapy within three months after diagnosis (Table 1.3). 

Target therapies and immunotherapies are often used for advanced patients. In the final cohort, 

396 patients received angiogenesis inhibitors, 1455 patients received EGFR inhibitor, 232 

patients received ALK inhibitors, and 11 patients received BRAF inhibitor. In addition, 503 

patients received PD-L1/PD-1 inhibitors.  

 

Table 1.3 Percent of patients receiving treatments within Partners HealthCare 

  Any treatment Primary treatment a 

Therapy type  Number (%)  Number (%) 

Surgery 13,628(38.5) 10,446(29.5) 

Chemotherapy 14,039(39.7) 7,204(20.4) 

Radiotherapy 14,710(41.6) 8,627(24.4) 

Target therapy 2,631(7.4) 667(1.9) 

Immunotherapy 504(1.4) 94(0.3) 

a Primary treatment: surgery received within one month before diagnosis or within 

three months after diagnosis, chemotherapy/radiation therapy/target 

therapy/immunotherapy received within three months after diagnosis 
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Genetic mutation results from different molecular tests were shown in Table 1.4. Among 4,655 

patients tested using SNaPshot assay, 46.9% of patients were positive for at least one mutation in 

three genes, including 26.7% KRAS, 18.4% EGFR, and 3.7% BRAF. Translocation of ALK, 

ROS1 were tested among 3,791, 2,436 patients with a positive rate of 5.4% and 2.1%. 

 

Table 1.4 Patients tested for NCCN listed driven genes 

Gene Platform 
 # of patients 

tested  

Mutation frequencies 

(%) 

EGFR SNaPshot  4,655  18.4 

KRAS SNaPshot  4,655  26.7 

BRAF SNaPshot  4,655  3.7 

ALK FISH/IHC assay  3,791  5.4 

ROS FISH/IHC assay  2,436  2.1 

 

The estimated median overall survival (OS), defined as the time from the date of diagnosis to the 

date of death, the date of the latest follow-up, whichever came first. Median OS was 2.51 (95% 

CI: 2.45 - 2.57) years.  The median OS for stage 1 to 4 in non-small cell lung cancer patients 

were 9.29 (95% CI: 8.98 - 2.57), 5.29 (95% CI: 4.88 - 5.61), 2.38 (95% CI: 2.26 - 2.48) and 1.31 

(95% CI: 1.28 - 1.39) years, respectively. 

 

Data completeness 

 

In structured data, birthday, sex, and race were available for 100%, 99.97%, and 92.2% of the 

study population, respectively. In treatment data, patients without specific treatment procedure 

codes and medication codes can be truly absent of treatment or because they received treatment 

in other healthcare centers. 59.9%(n=21,189) of the patients have at least one lung cancer-related 

therapy within Partners. For common laboratory tests, 82.5% of patients have at least one 
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measurement at any time, and 67.7% of patients have at least one measurement within 60 days 

before or after diagnosis date (Table 1.5). 

 

Variables from unstructured data that need to be extracted from clinical notes frequently have 

more missing values (Table 1.5). 87.1% of patients have an extracted histological type, and 

75.9% of patients have extracted stage. For longitudinal measurements, 49.6%, 28.1% of patients 

have at least one measurement of BMI, ECOG performance status measured during their stay in 

Partners. 38.9%, 14.8% of patients have at least one measurement of BMI, ECOG performance 

status measured within 60 days before and after diagnosis time. 

 

Table 1.5 Completeness of variables in the final cohort 

  Completeness (%) 

  Total a Baseline b 

Demographic 100 100 

Clinical outcomes   
    Diagnosis date 100 100 

    Overall survival 100 100 

Prognostic factors   
    Stage 75.9 75.9 

    Histology type 87.1 87.1 

    Smoking status 100 100 

    BMI 49.6 38.9 

    ECOG  28.1 14.8 

    Laboratory test c 82.5 65.3 
 

a. Data available at any time  

b. Data available within three months before or after diagnosis time 

c. At least one measurement for common lab test 
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There was an increase in the completeness for selected variables based on the year of diagnosis 

(Figure 1.3). The increase follows the gradual process of EHR adoption within Partners. There 

was also an increase in the completeness as the number of days when they were present in the 

hospital increase (Figure 1.4). 

 

 
Figure 1.3 Completeness of type, stage, BMI, and ECOG performance status improvement over 

time. The completeness of variables has improved as EMR adoption has increased 
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Figure 1.4 Completeness of type, stage, BMI, and ECOG performance status improved with 

days patients present hospitals. 
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Data accuracy 

The diagnosis date combining ICD time and NICE extracted dates agreed with the chart review 

and cohort data with median 0 days. 10.4%, 9.0%, and 7.5% of the population having an absolute 

discrepancy of more than 90 days, 180 days, and one year when compared with chart review 

results. 12.4%, 8.8%, and 6.4% of the population having an absolute discrepancy of more than 

90 days, 180 days, and one year when comparing with BLCS results (Supplemental Table 1.1 

and Supplemental Figure 1.1). The accuracy of the diagnosis dates was higher than using ICD 

time only when comparing with chart review results (Supplemental Table 1.2). Histological type 

shows great accuracy and agreement with 4.5% discrepancies comparing with chart review and 

9.3% discrepancies comparing with BLCS (Supplemental Table 1.3 and Supplemental Table 

1.4). Most of the discrepancies exist in classifying adenocarcinoma from non-small cell 

unspecified. For stages, there were 19.3% discrepancies comparing with chart review and 18.4% 

discrepancies comparing with BLCS; Compare to chart review, seven patients were one stage 

category off, three patients were two stage categories off, and one patient was three categories 

off; Compared to BLCS, 10.9% were one stage category off, 3.6% were two stage categories off, 

and 3.7% were three categories off (Supplemental Table 1.5 and Supplemental Table 1.6). 

 

For both non-small cell lung cancer patients and small cell patients, two cox proportional models 

yield similar estimates of the hazard ratio for age, sex, histological type, and stage. (Table 1.6 

and Table 1.7).  
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Table 1.6 Multivariate Cox proportional hazards regression for non-small cell lung cancer 

patients in BLCS and EMR data  
  

BLCS cohort Data 
EMR data match with 

BLCS cohort 
EMR datab 

(n=5056) (n=4,377) (n=23,420) 

  HR P-value HR P-value HR P-value 

Age at diagnosis 1.02 <0.001 1.02 <0.001 1.02 <0.001 

Sex   
 

   

    Female ref  
 

   

    Male 1.38 0.002 1.31 <0.001 1.24 <0.001 

Race   
 

   

White ref  
 

   

Other 0.93 0.45 0.88 0.21 0.96 0.27 

Smoking status   
 

   

    Never smoker ref  
 

   

    Smoker 1.41 <0.001 1.80 <0.001 1.68 <0.001 

Type   
    

    Adenocarcinoma ref  
    

    Squamous cell 1.42 <0.001 1.35 <0.001 1.21 <0.001 

    Others 1.29 <0.001 1.71 <0.001 1.77 <0.001 

Stage   
    

1 ref  
    

2 1.50 <0.001 1.52 <0.001 1.67 <0.001 

3 2.78 <0.001 3.05 <0.001 2.77 <0.001 

4 6.22 <0.001 5.43 <0.001 4.89 <0.001 

 
Note: a.b Patients with complete data of age, sex, stage, type, race, smoking status in both cohort and EMR were 

included in analysis c. Complete cases of EMR data  

 

 

Table 1.7 Multivariate Cox proportional hazards regression for small cell lung cancer patients in 

BLCS and EMR data  

  BLCS cohort data 
EMR data match with BLCS 

cohort 
EMR datab 

(n=475) (n=412) (n=3356) 
 HR P-value HR P-value HR P-value 

Age at 

diagnosis 1.02 <0.001 1.02 <0.001 1.02 <0.001 
Sex   

 
 

 
 

    Female ref  
 

 
 

 

    Male 1.38 0.002 1.31 0.02 1.12 0.01 
Race   

    
    White ref  

    
    Other 1.44 0.22 1.08 0.83 1.07 0.45 
Smoking status  

    
 

    Never smoker ref     
 

    Smoker 1.30 0.57 1.78 0.32 1.55 <0.001 
Stage   

    
    limited ref  

    
    extensive 2.89 <0.001 2.78 <0.001 2.60 <0.001 

 

Note: a. Patients with complete data of age, sex, stage, type, race, smoking status in both cohort and EMR  

b. Complete cases of EMR data  
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Discussion 

 

In this study, we firstly applied a classification algorithm to identify a cohort of lung cancer 

patients with high PPV and sensitivity. Various EMR components from both structured and 

unstructured data were utilized to extract demographics, clinical factors, laboratory tests, 

treatments, and follow-up data.  

 

Besides the tool EXTEND were further developed for extracting BMI and ECOG status, the new 

NLP tool NICE successfully retrieved essential prognostics factors including cancer stage, 

location, mutation variables and histological type which demonstrated the benefit of using 

unstructured EMR data. NICE is able to extract detailed tumor stage information including 

clinical stage, TNM stage and further grouped stage information such as early stage and 

advanced stage. Comparing with using structured data only, NICE helped to improve the 

accuracy of first diagnosis date information. Additionally, NICE was developed for extraction 

cancer-related data from all types of notes other than only pathology notes that is important to 

retrieve target data only existing in progress notes, discharge summaries or other types of notes.  

 

We further examined the data completeness and accuracy. The magnitude of data completeness 

has been increased over the diagnosis year. In 2006, Partners Community Healthcare, Inc. 

(PCHI) Board resolved to require all PCHI primary care physicians to adopt an EMR by the end 

of 2008, and all specialists by the end of 2009.  With the gradual adoption of EMR, the 

completeness is expected to increase. The completeness of data is also associated with a certain 

number of days that they have been present in the hospital. Understanding the variability and 
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pattern of completeness will be essential for choosing the study population and imputation 

method for further analysis. Variable extracted from EMR generally show high accuracy and 

agreements, as compared with the manual chart review results and large epidemiology cohort 

data. In addition, we reported results in terms of the effect size of basic characteristics on overall 

survival to facilitate interpretation inference.  

 

This large scale EMR-based cohort with detailed longitudinal measurements of clinical factors 

and patient care data over time would help to better understand how clinical factors influence the 

progression of lung cancer, investigate the response and patterns of treatments and develop 

integrative prediction algorithms for clinical outcomes. Our study handles a variety of tasks 

involving phenotyping, extraction strategies, quality assessment to assemble the cohort that can 

be applied to other diseases.  

 

This study has serval limitations. First, mortality data collected in structured data as a part of 

routine clinical care is incomplete as patients may leave the healthcare system and loss to follow 

up. Not every patient’s death was captured. Missing death report inflated estimates of median 

survival time in our cohort, but hazard ratios estimated from Cox model remain stable, which is 

consistent with Carrigan’s study. 24 One possible solution for this is to augment incomplete 

mortality data with other sources. Second, the determination of diagnosis date for patients with 

recurrences or patients transferred from other hospitals is still challenging.  Although we exclude 

patients with lung cancer history code prior to lung cancer-related code, the current data are 

adequate to identify patients who were initially diagnosed elsewhere. Third, extracting stage 

through NLP is also challenging, as there were many discrepancies and uncertainties in the notes. 
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For example, upstage of early stage tumor after surgery, frequent use of “metastatic” without 

metastatic sites (brain/bone/lymph nodes). Forth, structured data maybe not enough to capture 

the complete information of treatment, as patients may receive treatments in different healthcare 

systems. Assumption that patients without a code for drug prescription or treatment procedure 

were not treated would be violated in this case. Survival analyses comparing cohorts with 

differential treatment exposure need further consideration. One solution for this is to extract 

treatment from unstructured data under the assumption that clinicians will document oncology 

history in clinical notes.  Finally, patients within MGH and BWH, the two largest hospitals in 

Boston but are not a random sample from the population at the US level. It varied depending on 

the location of the medical institution and may result in biases in the patient demographics and 

the health condition of admitted patients.  

 

Conclusions 

 

We assembled a large lung cancer cohort from EMRs using phenotyping algorithm and 

extraction strategies combining structured and unstructured data. The quality of analytic data 

from EMRs were compared with the well-curated epidemiology study to ensure their suitability 

for lung cancer prognosis research.  
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Developing a Prognostic Model to Predict Non-Small Cell Lung Cancer 5-Year Overall 

Survival  

 

 

Abstract 

Background: Survival of non-small cell lung cancer (NSCLC) patients with the same stage 

varies widely. A more accurate outcome prediction model, which can be applied upon the 

diagnosis of non-small cell lung cancer, would be essential for informed decisions making 

regarding clinical care and practice. 

 

Methods: We identified 16,648 NSCLC patients between Jan 2000 and Jan 2015 from Partners 

HealthCare and collected variables from electronic medical records. Patients were randomly 

assigned to nonoverlapping training and testing sets to train models and evaluate the 

performance. Prognostics factors were selected by penalized Cox proportional hazard model with 

group minimax concave penalty (MCP) penalty and were used to develop the prognostic model 

and build the nomogram. Model performance was evaluated by the time-dependent area under 

the receiver operating curves (AUC) and calibration plots.  

 

Results: A total of 11,724 NSCLC patients were included in the analysis. Age, sex, smoking 

status, histological type, stage, BMI, albumin, ALP, creatinine, HGB, RDW, WBC, NLR, 

calcium, and sodium were identified as significant predictors of 5-year overall survival (OS). 

AUCs reached 0.828, 0.825, 0.814, 0.814 and 0.812 for 1- to 5-year prediction, respectively, in 
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the testing set. The calibration plots showed great agreements between prediction and actual 

observation survival probability. 

 

Conclusions: We developed and validated a prognostic model for NSCLC patients based on 

inexpensive and readily available variables collected in routine clinical care. This prognostic tool 

can be conveniently used to facilitate the prediction of NSCLC survival. 
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Introduction 

Lung cancer is the most commonly diagnosed malignancy and is a leading cause of cancer-

related deaths worldwide, with NSCLC accounting for approximately 85% of all diagnosed 

patients.1 In the US, the current five-year survival is about 20.6%, and has only been improved 

slightly from 12.2% over the past four decades.2 Cancer stage remains the most widely used 

prognostic factor for NSCLC. The five-year survival rate for NSCLC is about 60% for early 

stages patients and 6% for advanced-stage patients.2 However, survival of patients with the same 

stage varies widely and using TNM staging system as the only predictor for lung cancer survival 

is imprecise.3-7 A more accurate outcome prediction model, which can be applied upon the 

diagnosis of NSCLC, would be essential for informed decisions making regarding clinical care 

and practice. 

 

To date, no single prognostic model has achieved widespread clinical utility. Some prediction 

tools were based on small samples of clinical trials with homogeneous patient characteristics, 

thus were not applicable to real-world patients in oncology practice.8-11 Some models proposed 

to include various molecular biomarkers in prediction model.12-14 However, most of these new 

molecular markers are not yet available in routine clinical practice. Most of the prediction 

models utilized demographics (e.g., age, gender, and race) and tumor characteristics (e.g., tumor 

stage and histology type) and were limited by the lack of other clinical data collected such as 

laboratory tests results. Routing clinical variables, including laboratory tests, disease history, and 

BMI, probably play a role in prognosis and may help increase predictive power for NSCLC 

survival. To our knowledge, there has not been a published study systematically assessed these 

comprehensive routing clinical variables.  
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Electronic medical records (EMRs) provide a low-cost means of accessing rich longitudinal data 

on large populations for research.15 The data include demographics, health behaviors, 

outpatient/inpatient/emergency encounters, laboratory data, medication orders, procedures, 

problem list entries, and clinical notes for healthcare services provided within the system.16 It 

allows us to evaluate multiple risk factors and lung cancer prognosis simultaneously, enabling 

the development of predictive models. This study aimed to develop a prognostic tool using 

routine clinical variables from EMR to aid physicians and patients in estimating NSCLC 

survival.  
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Methods 

Study population and data sources 

EMR data are from the Massachusetts General Hospital (MGH) and Brigham and Women’s 

Hospital (BWH) using Partners HealthCare System Research Patient Data Registry (RPDR). 

Institutional Review Board of Partners HealthCare (Protocol Number: 1999P004935/PHS) 

approved this study. Patients were identified between Jan 2000 and Jan 2015 with histologically 

and stage confirmed NSCLC. We limited the age range from 18 to 90, excluded patients without 

routine blood test results within 60 days before or after diagnosis dates. 

 

Data collection 

Demographic (age, sex, race), smoking status (smoker, nonsmoker), body mass index (BMI), 

Eastern Cooperative Oncology Group (ECOG) performance status, tumor characteristics 

(histological type, stage), history of COPD, history of asthma, history of type 2 diabetes and 

common laboratory tests were collected. Measurements that within 60 days before or after 

diagnosis time was considered as the baseline measurements for longitudinal variables. For 

variables with multiple measurements, the measurement closest to diagnosis dates were used in 

the analysis. Laboratory tests were from complete blood count (CBC) and comprehensive 

metabolic panel (CMP). CBC includes white blood count (WBC), neutrophil, lymphocyte, 

monocyte, and eosinophil and their ratio such as neutrophil-lymphocyte ratio (NLR), red blood 

count (RBC), red cell distribution width (RDW), hemoglobin (HGB), hematocrit (HCT), platelet 

count (PLT), mean corpuscular volume (MCV). Routine CMP panel includes albumin, total 

bilirubin, alkaline phosphatase (ALP), alanine aminotransferase (ALT) and aspartate 

aminotransferase (AST), blood urea nitrogen (BUN), creatinine, glucose, calcium, sodium, 



 34 

potassium, and chloride. Missing values were coded as a separate missing category. Variables 

that were categorized include PS ( ≤ 1, ≥ 2), BMI (underweight: BMI < 18.5 kg/m2; normal: 18.5 

kg/m2 ≤ BMI < 25 kg/m2; overweight: 25 kg/m2 ≤ BMI < 30 kg/m2; obese: BMI ≥ 30 kg/m2) and 

laboratory tests (under, normal, above clinical range) to facilitate easier clinical interpretation. 

Date of death was collected until Feb 2020. 

 

Statistical analysis 

Our outcome of interest is 5-year OS. For 5-year OS, patients who died or who were alive at the 

last follow-up or 5 years after diagnosis without evidence of death were censored. 5-year OS is 

defined as the time from the date of diagnosis to the date of death, the date of the latest follow-

up, 5 years after diagnosis whichever came first. Patients were randomly assigned to 

nonoverlapping training (75%) and testing (25%) sets to train models and evaluate the 

performance. 

 

Penalized regression with group selection of the multi-level categorical covariates was applied 

for variable section in Cox proportional hazard model. In this study, we used group minimax 

concave penalty (MCP) as the penalty function.17 For training set, 10-fold cross-validation was 

used to select the value of the penalty parameter in a way that minimized the model deviance. 

Features with non-zero coefficients selected by MCP from the training dataset were used for 

multivariate Cox proportional hazards analyses and nomogram construction.  

 

Model’s discrimination accuracy for predicting 5-year OS was assessed by constructing the time-

dependent receiver operating characteristic (ROC) curves and AUC.18 Time-dependent AUC was 
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calculated each year from the first to the fifth year. The value of the AUC ranges from 0.5 to 1.0, 

with 0.5 indicating a random prediction and 1.0 indicating that the model perfectly discriminates 

the outcome with the model. The AUCs of final models were compared with the other two 

models: 1) model with stage only; 2) model with age, sex, stage, and histology type. Model’s 

calibration capability was assessed by the agreements between predicted and observed death 

rates at 1-, 3- and 5-year, respectively. A perfect prediction would result in a 45-degree 

calibration curve.  

 

To facilitate the utility of the models in the clinical setting, nomograms were used to create an 

intuitive graph of the prediction model, which will give rise to a numerical probability of the 

overall survival.19 The results of multivariate Cox regression model incorporating variables from 

panelized regression were used to build the final nomogram and generate probabilities of OS at 

1-, 3- and 5-year after diagnosis. We also created a user-friendly webserver for our nomogram, 

which calculates survival probabilities for each year and plots the survival curve. 

 

To evaluate the robustness of our model to missing data, we performed a sensitivity analysis on 

the patients with complete data of the final model and the excluded patients with missing 

laboratory lab test results.  AUCs were recalculated and calibration plots were showed to assess 

the robustness of the final model. Statistical analyses were conducted using the R software. P 

values were two-sided with a value of less than 0.05 were considered statistically significant. 
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Results 

 

A total of 16,648 patients were identified between Jan 2000 and Jan 2015 with histologically and 

stage confirmed NSCLC. Sixty-one patients younger than 18 or older than 90 were excluded. 

Besides, 4,854 patients without routine blood test results within 60 days before or after diagnosis 

dates were excluded. A total of 11,724 patients were included in the final analysis, with 8,793 

patients in training set and 2,931 patients in testing sets. Median follow up and median OS were 

2.43 and 3.08 (95% CI: 2.94 - 3.25) years, respectively, in total population, 2.41 and 3.08 (95% 

CI: 2.88 - 3.28) years, respectively, in the training set, and 2.51 and 3.09 (95% CI: 2.87 - 3.44) 

years, respectively, in the testing set. Baseline characteristics of the patients in the training and 

testing sets were summarized in Table 2.1. The distribution of these variables showed no 

difference between the training and testing sets. The distributions of laboratory variables in this 

study were summarized in Supplemental Table 2.1. Around half of the patients were female; the 

median age was around 67 years; the majority of them were white and smokers. Among the 

collected variables, ECOG performance status and LDH had missing values higher than 30% and 

were excluded from further analysis. The missing values for the remaining variables were coded 

as a separate missing group. 
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Table 2.1 Characteristics of patients in the training set and testing set 

Patient characteristic Training set Testing set p-value 

  N=8793 (%) N=2931 (%)   

Age, median, (years) 66.88 66.57 0.323 

Sex    
Female     4720 (53.7)      1586 (54.1)  0.7 

Male     4073 (46.3)      1345 (45.9)   
Race   0.937 

White     8100 (92.1)      2698 (92.1)   
Others      693 (7.9)       233 (7.9)   

Smoking   0.615 

Smoker     8292 (94.3)      2756 (94.0)   
Nonsmoker      501 (5.7)       175 (6.0)   

Histological Type   0.364 

Adenocarcinoma     6009 (68.3)      1976 (67.4)   
Squamous      933 (10.6)       302 (10.3)   
NSCLC not specified      978 (11.0)       317 (10.7)   

Stage   0.465 

1     2645 (30.1)       868 (29.6)   
2     1136 (12.9)       385 (13.1)   
3     1983 (22.6)       699 (23.8)   
4     3029 (34.4)       979 (33.4)   

BMI   0.586 

Normal     2311 (26.3)       777 (26.5)   
Obese     1527 (17.4)       487 (16.6)   
Over     2221 (25.3)       773 (26.4)   
Under      201 (2.3)        58 (2.0)   
Missing     2533 (28.8)       836 (28.5)   

History of COPD   0.307 

No     6791 (77.2)      2291 (78.2)   
Yes     2002 (22.8)       640 (21.8)   

History of asthma   0.854 

No     6956 (79.1)      2324 (79.3)   
Yes     1837 (20.9)       607 (20.7)   

History of diabetes   0.226 

No     8723 (99.2)      2900 (98.9)   
Yes       70 (0.8)        31 (1.1)    
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Fifteen variables with non-zero coefficients were finally retained by the group MCP in the 

training set, including age, sex, smoking status, histological type, stage, BMI, albumin, ALP, 

creatinine, HGB, RDW, WBC, NLR, calcium, and sodium. These variables were used for 

multivariate Cox proportional hazards analysis and construction of the nomogram. As shown in 

Table 2.2, these variables were independent predictors of OS with significant P values. In the 

nomogram, the final risk score was calculated by adding up the point of each item using the 

nomogram depicted in Figure 2.1 and aligned to the total point axis to estimate the 1-, 3- and 5-

year survival probabilities. The nomogram showed that stage contributed most to the survival 

prediction, followed by calcium, albumin, smoking, and histological type. 

 

Table 2.2 Predictors of 5-year overall survival in training set by multivariate Cox proportional 

hazards regression 

 

  HR 95% CI P-value 

Sex    

Female Ref   

Male 1.23 1.16-1.3 <0.001 

age 1.02 1.01-1.02 <0.001 

Smoking    

Non-smoker Ref   

Smoker 1.66 1.46-1.89 <0.001 

Stage    

1 Ref   

2 1.73 1.54-1.94 <0.001 

3 2.92 2.66-3.2 <0.001 

4 5.08 4.65-5.54 <0.001 

Type    

Adenocarcinoma Ref   

Squamous cell carcinoma 1.05 0.98-1.13 0.16 

Other 1.52 1.4-1.65 <0.001 

BMI    

        Normal Ref   

Obese 0.88 0.8-0.97 0.01 

Over 0.9 0.83-0.98 0.02 

Under 1.28 1.06-1.55 0.01 

Missing 1.38 1.28-1.49 <0.001 
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Table 2.2 (Continued) 

Albumin    

<=3.5 g/dl Ref   

>3.5 g/dl 0.66 0.61-0.71 <0.001 

Missing 0.48 0.41-0.57 <0.001 

ALP    

<=140 IU/L Ref   

>140 IU/L 1.4 1.27-1.54 <0.001 

Missing 1.17 0.99-1.38 0.06 

Creatinine    

Normal Ref   

Above 1.02 0.95-1.1 0.57 

Under 1.45 1.26-1.67 <0.001 

Missing 1.19 0.9-1.57 0.22 

HBG    

Normal Ref   

Above 1.35 1.08-1.7 0.01 

Under 1.16 1.09-1.24 <0.001 

Missing 1.56 0.96-2.55 0.07 

RDW    

<=14.5% Ref   

>14.5% 1.12 1.05-1.2 <0.001 

Missing 0.74 0.46-1.2 0.23 

WBC    

4.5-11*10^9/L Ref   

>=11*10^9/L 1.17 1.09-1.25 <0.001 

Missing 1.01 0.64-1.59 0.97 

NLR    

<=4 Ref   

>4 1.34 1.25-1.43 <0.001 

Missing 0.85 0.76-0.96 0.01 

Calcium    

8.5-10.5 mg/dl Ref   

<=8.5 mg/dl 0.72 0.66-0.79 <0.001 

>=10.5 mg/dl 1.37 1.17-1.59 <0.001 

Missing 1.08 0.84-1.4 0.54 

Sodium    

135-145 mEq/L Ref   

<=135 mEq/L 1.32 1.23-1.43 <0.001 

>=145 mEq/L 0.95 0.77-1.16 0.59 

Missing 1.04 0.73-1.48 0.82 
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Figure 2.1. Prognostic nomogram for NSCLC patients 
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AUCs for 1 to 5-year overall survival were calculated to assess the discrimination of the final 

model. As shown in the Figure 2.2, the AUCs reached 0.830, 0.820, 0.819, 0.817 and 0.813 for 

1- to 5-year prediction in the training, 0.828, 0.825, 0.814, 0.814 and 0.812 for 1- to 5-year 

prediction in the testing set. The prognostic ability of the proposed model was better the basic 

model with sex, age, histology type, and stage. In training set, the integrated AUC of the 

proposed model was 0.820, whereas that of the model with sex, age, histology type, and stage 

was 0.783. In testing set, the integrated AUC of the proposed model was 0.819, whereas that of 

model with sex, age, histology type, and stage was 0.779. The calibration plots showed that the 

observed probabilities of survival were generally within 95% CI of the predicted probabilities of 

survival at 1-, 3- and 5-years after diagnosis, respectively (Figure 2.3). The model slightly 

underestimated survival among individuals having survival probability higher than 0.8 in the first 

year after diagnosis and overestimated survival among individuals having survival probability 

around 0.6 in the fifth year. An online version of our final model can be accessed at 

https://qyyuan.shinyapps.io/lcprog.  

  

https://qyyuan.shinyapps.io/lcprog
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Figure 2.2 Time-dependent AUCs for 1- to 5-year in training set and testing set. The final model 

included age, sex, smoking status, histological type, stage, BMI, albumin, ALP, creatinine, HGB, 

RDW, WBC, NLR, calcium, and sodium. Basic model included age, sex, histological type, and 

stage. 
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A. 

 
B. 

 
Figure 2.3 Calibration curves compare predicted and actual survival probabilities at 1-year, 3-

year, and 5-years. A plot along the 45-degree line would indicate a perfect calibration model in 

which the predicted probabilities are identical to the actual outcomes. (A). Training set; (B). 

Testing set. 

  



 44 

 

In the sensitivity analysis, the integrated AUCs were 0.802 and 0.818 for patients with complete 

data (n=6,548) and patients without laboratory results (n=4,854), respectively. The calibration 

curves at 1-, 3-, 5-years (Supplemental Figure 2.1) still showed high consistency between 

predicted survival probability and actual survival proportion. The results proved the robustness 

of this model to missing data. 
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Discussion 

Accurate assessment of patient’s prognosis is essential for clinicians and patients to guide 

disease management. Prediction of survival using staging is not enough since NSCLC is 

remarkably heterogeneous. In this study, a prognostics model was developed and validated using 

a large cohort of NSCLC patients from real-world clinical care. The cohort was obtained from 

two largest hospitals (MGH and BWH) in Boston; variables were extracted from electronic 

medical records using structured data and clinical notes. In the validation, our model achieved 

high discrimination and calibration. Discrimination ability was revealed by the higher time-

dependent AUCs compared with the model based on sex, age, stage, and histological type. The 

calibration plot showed great agreements between prediction and actual observation survival 

probability. 

 

Through penalized regression, age, sex, smoking status, histological type, stage, BMI, albumin, 

ALP, creatinine, HGB, RDW, WBC, NLR, calcium, and sodium were identified as independent 

prognostics factors. These findings were consistent with previously reported prognosis factors. 

Specifically, older age, male sex, and advanced stages have been associated with poor survival.20 

Compared to adenocarcinoma, squamous cell carcinoma and other NSCLC have shown worse 

survival.21 Patients who were underweight (BMI < 18.5 kg/m2) have been associated with worse 

prognosis and patients who were overweight (25 kg/m2 ≤ BMI < 30 kg/m2) or obese (BMI ≥ 30 

kg/m2) have been reported to be associated with improved survival.22 High albumin level that 

measures nutritional status has been reported to be associated with better survival.23 Increased 

serum alkaline phosphatase has been reported to be associated with bone metastasis and poor 

survival.24 Compared to patients with normal HGB level, patients with decreased HGB have 
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shown poor overall survival.25 Patients with higher RDW values had poorer prognoses than those 

with lower RDW values.26 WBC and NLR are essential markers of immune functions and the 

inflammatory response. Previous studies have shown that high WBC, high NLR contributed to 

decreased survival.27-29 Besides, patients with hypercalcemia or hyponatremia of malignancy 

often had a poor prognosis.30,31 Our study also identified new prognostics factors. Low creatinine 

levels reflect low muscle mass, or malnutrition was associated with poor survival.32 Increased 

HGB level that probably caused by COPD contributed to poor survival.  

 

Prognostic models with considerable heterogeneity in the selection of prognostic factors have 

been proposed in many studies. Most of the prognostics model included age, sex, histological 

type and tumor stage.3,33 Smoking, BMI, routine laboratory tests or comorbidity data were 

included in some of the models.8,27,34-37 Compare with other published prognostic models,  the 

main strength of our study is that it assessed routine clinical variables including demographics, 

tumor characteristics, disease history as well as routine blood-based laboratory test results, thus 

representing a more comprehensive prognostic model. In our study, we didn't include treatment 

information because the model was built based on the time of diagnosis before any treatment.  

  

This study has several limitations. First, morality data is incomplete as patients may leave the 

healthcare system and loss to follow up. Missing death information inflated inflated estimates of 

median survival time in our cohort, but hazard ratios estimated from Cox model remain stable. 

The second limitation was a lack of ECOG performance status and LDH data due to the high 

missing rate, which probably plays a role in prognosis. Incorporation of these relevant variables 

would probably help to improve this model. Third, the missingness of the covariates is not 
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missing completely at random. Patients who missed baseline laboratory test results were more 

likely to come to Partners for a consultation and not for disease management. In sensitivity 

analyses, we examined an alternative population based on the missingness of variables; the 

discrimination and calibration ability remained, supporting the robustness of our final model. 

Finally, patients were from MGH and BWH and do not represent a random sample from the 

population at the US level; this can affect the generalizability of the models trained on our data 

to other medical institutions. External validation of our model in the other population would be 

desirable. 

 

Conclusions 

We developed and validated a prognostic model for NSCLC patients using a large lung cancer 

patient cohort. This proposed model based on inexpensive and readily available clinical data may 

provide a more precise survival estimation. The nomogram implemented on an online web server 

could be useful for clinical counseling. 
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A Prognostics Score for Advanced Non-Small Cell Lung Cancer Treated with PD-1/L1 

Inhibitors 

 

Abstract 

Background: Programmed death 1 (PD-1)/programmed death-legend 1(PD-L1) inhibitors have 

shown clinical benefits for a proportion of advanced lung cancer patients. This study aimed to 

develop a prognostic store with routinely available variables to identify non-small cell lung 

cancer (NSCLC) patients who likely benefit from PD-1/L1 inhibitors. 

 

Methods: 412 patients who received PD-1/L1 inhibitors were retrospectively collected from 

Massachusetts General Hospital (MGH) and Brigham and Women’s Hospital (BWH) between 

Nov 2013 and Jan 2018. Demographic, clinical, and common laboratory tests were collected. 

Penalized Cox proportional hazard model with group minimax concave penalty (MCP) penalty 

was applied for variable section and coefficient estimation. Model performance was assessed by 

calculating area under the receiver operating curves (AUC). A prognostic score was developed to 

categorize advanced NSCLC patients into good, intermediate and poor groups. 

 

Results: Median PFS was 3.6 (95% CI: 2.9 - 4.3) months, median OS was 18.4 (95% CI: 14.2-

24.9) months. A prognostic scoring model incorporating the weighted coefficients of PD-L1 

expression level, EGFR mutation status, ECOG performance status, and albumin level was 

developed. Median PFS were 1.7 (95% CI: 1.5-2.1) vs 3.2 (95% CI: 2.7-6.3) vs 6.2 (95% CI: 

4.9–9.7) months for the poor, intermediate and good groups, respectively. Median OS were 8.2 
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(95% CI: 4.5-14.1) vs 14.9 (95% CI: 11.8-30.0) vs 34.7 (95% CI: 26.2 -NE) months for the poor, 

intermediate and good groups, respectively. 

 

Conclusions: a prognostic score combining PD-L1 expression level, EGFR mutation status, 

ECOG performance status, and albumin level may help to identify advanced NSCLC patients 

who likely benefit from PD-1/L1 inhibitors. 
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Introduction 

 

Immunotherapy, especially programmed death 1 (PD-1)/programmed death-legend 1(PD-L1) 

inhibitors, has shown survival benefits over conventional chemotherapy.1-6 In March 2015, 

nivolumab was approved by the U.S. Food and Drug Administration (FDA) as second line or 

above treatment. In October 2015, pembrolizumab was approved for patients whose tumors 

positively express PD-L1 after chemotherapy. In October 2016, pembrolizumab received 

approval as a first line. And in October 2016, atezolizumab was approved as second line or 

above treatment. Currently, PD-L1 expression is the most validated biomarker for patients 

treated with PD-1/L1 inhibitors.7  Studies have generally shown that patients with positive PD-

L1 expression had higher rates of objective response compared to patients with negative or weak 

PD-L1 expression.2,6,8 Nevertheless, the benefit is not seen for all patients with positive PD-L1 

expression, and some patients with negative PD-L1 expression can still achieve clinical benefit 

with PD-1/L1 inhibitors. Therefore, the development of prognostic biomarkers that can 

complement PD-L1 expression is essential to identify NSCLC patients who most likely to 

respond to immunotherapy, and to avoid unnecessary toxicity and high costs for these non-

responders.9 

 

Many prognostic score have been proposed such as the Gustave Roussy Immune Score (GRIm-

Score), the Royal Marsden Hospital prognostic score (RMH score)10, lung immune-based 

prognostics score(LIPI)11, EPSILoN (ECOG PS, smoking, liver metastases, LDH, NLR)12, 

advanced lung cancer inflammation index (ALI)13, immunotherapy sex-ECOG-NLR-delta NLR 

(iSEND)14 and systemic inflammation index (SII)15, which mainly investigated the role of 
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clinical characteristics and peripheral blood markers in the immunotherapy response. Most of 

them incorporated ECOG PS, neutrophil-to-lymphocyte (NLR) ratio, derived neutrophil-to-

lymphocyte (dNLR) ratio, lactate dehydrogenase (LDH) level or albumin, that measure 

inflammatory or nutritional status and have shown notable association with clinical response. 

However, they were limited by the number of variables collected, and hence some factors 

important for prognosis were not included in the prediction models. For example, PD-1/L1 

inhibitor has been found to be less effective in patients with EGFR mutation than in those 

without the mutation.16 Also, baseline use of prednisone has been reported to be associated with 

poorer outcome given the immunosuppressive properties of corticosteroids.17 Combining these 

factors into the scoring system may lead to a better ability to stratify patients to various 

prognostic groups. 

 

Based on the rich longitudinal data on demographics, tumor characteristics, medical history, and 

treatment information in electronic medical records, we were able to identify advanced NSCLC 

patients who received PD-1/L1 inhibitors and conduct a comprehensive assessment of routine 

clinical variables on clinical outcomes. We aimed to construct a prognostic score combining 

baseline patient and clinical factors to identify patients who likely benefit from PD-1/L1 

inhibitors. 
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Methods 

Study population 

We retrospectively collected advanced NSCLC patients (advanced NSCLC at diagnosis or early-

stage NSCLC with a recurrence or progression) who received at least one dose of PD-1/L1 

inhibitor (nivolumab, pembrolizumab and atezolizumab) between Nov 2013 and Jan 2018 from 

Massachusetts General Hospital (MGH) and Brigham and Women’s Hospital (BWH). The 

Institutional Review Board of Partners HealthCare (Protocol Number: 1999P004935/PHS) 

approved this study. Patients who had at least one follow up visit after the first dose of PD-1/L1 

inhibitor monotherapy were included in analysis. 

 

Data collection 

Treatment initiation time was extracted from the date of the first dose of PD-1/L1 inhibitors. The 

duration of the treatment was calculated by the time difference between the first and last dose of 

PD-1/L1 inhibitors. Demographics, histological type, prior treatments (surgery, chemotherapy, 

radiation therapy), PD-L1 expression level (0%, 1-49%, and ≥50%), driven mutations (EGFR, 

KRAS, and ALK), history of autoimmune disease, use of prednisone before treatment initiation, 

Eastern Cooperative Oncology Group (ECOG) performance status, smoking status (smoker, 

nonsmoker), body mass index (BMI) and common laboratory tests were collected using Partners 

HealthCare System Research Patient Data Registry (RPDR) or medical records review. 

Measurements that within 30 days prior to the initiation of the PD-1/L1 inhibitors were 

considered as the baseline measurements for longitudinal variables. Clinical outcomes were 

extracted using medical records review. The date of progression was extracted if progression was 

documented in oncology reports assessed by computed tomography scan. For patients who were 
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not observed progression, the dates of last follow up, the dates of last computed tomography scan 

without disease progression were extracted. 

 

Laboratory tests were from complete blood count (CBC) and comprehensive metabolic panel 

(CMP). CBC includes white blood count (WBC), neutrophil, lymphocyte, monocyte, and 

eosinophil and their ratio such as neutrophil-lymphocyte ratio (NLR), red blood count (RBC), 

red cell distribution width (RDW), hemoglobin (HGB), hematocrit (HCT), platelet count (PLT), 

mean corpuscular volume (MCV). Routine CMP panel includes albumin, total bilirubin, total 

protein, alkaline phosphatase (ALP), alanine aminotransferase (ALT) and aspartate 

aminotransferase (AST), blood urea nitrogen (BUN), creatinine, glucose, calcium, sodium, 

potassium, and chloride. 

 

Statistical analysis 

Progression free survival (PFS) was defined as the time from treatment initiation to tumor 

progression or death from any cause, with censoring of patients who were lost to follow-up or 

discontinue treatments without observation of the progression. Overall survival (OS) was defined 

as the time from treatment initiation to death, with censoring of patients who were lost to follow-

up. Missing values for PD-L1 expression, somatic mutations, ECOG PS, BMI, and laboratory 

tests were coded as a separate untested category. Variables that were categorized include PS (0–

1, >=2), BMI (underweight: BMI < 18.5 kg/m2; normal: 18.5 kg/m2 ≤ BMI < 25 kg/m2; 

overweight: 25 kg/m2 ≤ BMI < 30 kg/m2; obese: BMI ≥ 30 kg/m2) and laboratory tests (under, 

normal, above clinical normal range) to facilitate easier clinical interpretation. 
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Cox proportional hazard regression was used to fit a survival model for progression free survival. 

Penalized regression with group selection of the multi-level categorical covariates was applied 

for variable section and coefficient estimation. Group minimax concave penalty (MCP) was used 

as the penalty term.18 Compare to group LASSO, which is the most commonly used penalty 

term, group MCP is more consistent for variable selection and yield estimators with asymptotic 

normality.19 Feature selection procedure was combined with leave-one-out cross-validation 

(LOOCV) to avoid overfitting in the selection of features and achieve an unbiased estimate of 

model performance. In LOOCV, one sample was left out at a time and used for testing, while the 

remaining samples were used for training. For each training set, we used 10-fold cross-validation 

to select the value of the penalty parameter in a way that minimized the model deviance. To 

measure the performance of prediction model selected by Group MCP, time-dependent area 

under the receiver operating characteristic (ROC) curve, and the corresponding estimate of the 

AUC at each month from the 1st to the 12th month was calculated to assess the discrimination 

for PFS.20 To construct the prognostics score, Group MCP was applied in the pooled dataset to 

select the final variables and calculate the coefficients of these variables. A prognostic scoring 

model incorporating the weighted coefficients of these variables was developed. The pooled 

population were then grouped into three subgroups according to the developed prognostic score. 

Survival curves were estimated using the Kaplan-Meier method and compared by log rank test.  

Discontinuation of the treatment could be due to disease progression, intolerable adverse effects, 

lost follow up, move to hospice care, or death.21 In the primary analysis, we treated the 

observation at the last visit time with no documented progression as right-censored, which leads 

to potential informative censoring. In the sensitivity analysis, treatment discontinuation due to 

adverse effect and hospice care was considered as a disease progression event. Subgroup analysis 
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was conducted for patients who received different types of PD-1/L1 inhibitors to assess the 

utility of prognostic score. Statistical analyses were conducted using the R software. P values 

less than 0.05 were considered statistically significant. 
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Results 

A total of 412 patients were collected retrospectively with a diagnosis of advanced NSCLC 

treated with PD-1/L1 inhibitors. 274 patients (67%) had disease progression, and 180 patients 

(44%) were dead. Among patients who did not observe disease progression before treatment 

discontinuation, 31 patients were not progressed, 69 patients had severe adverse effects, 15 

patients moved to hospice, and 28 patients were lost to follow up. Median follow up was 7.1 

(95% CI: 5.8 - 8.4) months, median PFS was 3.6 (95% CI: 2.9 - 4.3) months and median OS was 

18.4 (95% CI: 14.2-24.9) months.  

 

Baseline characteristics of the patients were summarized (Table 3.1). 46.1% of patients were 

female; the median age was 67 years; 71.8% of them were adenocarcinoma. Most of them were 

smokers (87.1%) and without an autoimmune history (91.5%). 29.9% had an ECOG PS of 2 or 

higher. 72.8% of patients received nivolumab, 20.9% received pembrolizumab, and 6.3% of 

them received atezolizumab. Most of the patients received PD-1/L1 inhibitors as second line or 

above, with a history of surgery, chemotherapy, or radiation therapy. For PD-L1 expression, 

39.1% of the patients were tested with 48 patients tested negative (PD-L1 expression <1%), 35 

patients tested weak expression (PD-L1 expression between 1% and 49%) and 74 patients tested 

strong expression (PD-L1 expression ≥50%). 7.5%, 33.0%, and 1.9% of patients were tested 

positive for EGFR, KRAS, and ALK, respectively. 10% of patients used prednisone before 

treatment initiation. The distributions of laboratory variables in this study were summarized in 

Supplemental Table 3.1. 
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Table 3.1 Patients' characteristics 

 

Characteristics  Number (%)  Characteristics  Number (%)  

Age at treatment initiation   67.3±10.4  Surgery history  
Gender 

 
No    331 (80.3)  

Female   190 (46.1)  Yes    81 (19.7)  

Male   222 (53.9)  Chemotherapy history  
Type  

 
No     66 (16.0)  

Adenocarcinoma   296 (71.8)  Yes   346 (84.0)  

Squamous cell   100 (24.3)  

Radiation therapy 

history  
Other    16 (3.9)  No    168 (40.8)  

Smoker  Yes   244 (59.2)  

Non-smoker    53 (12.9)  PD L1 expression status  
Smoker   359 (87.1)  <1%    48 (11.7)  

BMI  1-49%    35 (8.5)  

Under    17 (4.1)  >=50%    74 (18.0)  

Normal   142 (34.5)  Untested   255 (61.9)  

Over   158 (38.3)  EGFR mutation status  
Obese    60 (14.6)  Wild type   300 (72.8)  

Untested    35 (8.5)  Mutant    31 (7.5)  

ECOG  Untested    81 (19.7)  

0-1   229 (55.6)  KRAS mutation status  
>=2   123 (29.9)  Wild type   193 (46.8)  

Untested    60 (14.6)  Mutant   136 (33.0)  

Drug type 
 

Untested    83 (20.1)  

Atezolizumab    26 (6.3)  ALK mutation status  
Nivolumab   300 (72.8)  Wild type   267 (64.8)  

Pembrolizumab    86 (20.9)  Mutant     8 (1.9)  

First line  Untested   137 (33.3)  

No    359 (87.1)  

Autoimmune disease 

history  
Yes    53 (12.9)  No   377 (91.5)  

 
 Yes    35 (8.5)  

 
 Use of prednisone before treatment 

 
 No   371 (90.0)  

 
 Yes    41 (10.0)  
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The AUCs from the 1st to the 12th month calculated from penalized Cox proportional hazard 

model with LOOCV were presented in Figure 3.1. AUCs were higher than that for the model 

based solely on PD-L1 expression.  

 
Figure 3.1 Time-dependent AUCs for the prognostic score for every month from the first to the 

12th month. 
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Four variables were selected in the final model by applying group MCP in the pooled dataset, 

including PD-L1 expression level, EGFR mutation status, ECOG performance status, and 

albumin ≥ 3.5g/dl. A prognostic scoring model was developed, incorporating the weighted 

coefficients of these variables (Table 3.2). The prognostic score grouped advanced NSCLC 

patients into three subgroups having approximately the same sample size based on the tertile 

distribution: poor group (n= 131) with score > 0.564, intermediate group (n= 143) with score 

0.184-0.564 and good group (n=138) with score ≤0.184.  

 

Table 3.2 Weighted coefficients for prognostic score 

 

  Effect size 

PD L1 expression  
>=50% 0 

1-49% 0.119 

 <1% 0.564 

Untested 0.128 

EGFR  
Wild type 0 

Mutant 0.920 

Untested 0.511 

ECOG  
1-2 0 

>=2 0.055 

Untested 0.035 

Albumin  
>3.5g/dl 0 

<=3.5g/dl 0.301 

Untested 0.148 

 

 

  



 63 

The prognostic score was associated with PFS with P< 0.001. Median PFS were 1.7 (95% CI: 

1.5-2.1) vs 3.2 (95% CI: 2.7-6.3) vs 6.2 (95% CI: 4.9–9.7) months for the poor, intermediate and 

good groups, respectively. The prognostic score was also associated with OS with P< 0.001. 

Median OS were 8.2 (95% CI: 4.5-14.1) vs 14.9 (95% CI: 11.8-30.0) vs 34.7 (95% CI: 26.2 -NE) 

months for the poor, intermediate and good groups, respectively.(Figure 3.2) In multivariate 

analysis of the four covariates in the prognostic score, all of them were significantly associated 

with both PFS and OS, as demonstrated in Table 3.3. 

 

A. PFS                                                              B. OS    

 
Figure 3.2 PFS and OS according to prognostics score groups. 
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Table 3.3 Multivariate analysis for PFS and OS 

  PFS   OS   

  HR (95% CI) P value HR (95% CI) P value 

PD L1 expression     
>50% 1 (ref)    
1-49% 1.20 (0.72-1.99) 0.49 2.39 (1.36-4.17) 0.002 

 <1% 2.63 (1.70-4.07) <0.001 0.95 (0.49-1.86) 0.95 

Untested 1.27 (0.90-1.79) 0.17 1.54 (0.99-2.38) 0.06 

EGFR     
Wild type 1 (ref)    
Mutant 2.65 (1.72-4.08) <0.001 2.38 (1.36-4.15) 0.002 

Untested 1.67 (1.23-2.28) <0.001 2.29 (1.59-3.29) <0.001 

ECOG     
1-2 1 (ref)    
>=2 1.46 (1.08-1.98) 0.02 2.24 (1.55-3.24) <0.001 

Untested 1.27 (0.88-1.83) 0.20 1.71 (1.12-2.61) 0.02 

Albumin     
>3.5g/dl 1 (ref)    
<=3.5g/dl 1.54 (1.14-2.08) <0.001 2.73 (1.89-3.94) <0.001 

Untested 1.29 (0.94-1.77) 0.14 1.45 (0.97-2.15) 0.07 
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In the sensitivity analysis, treating intolerable adverse effects or move to hospice care as 

progression led to a decrease of median survival time but still showed a significant difference for 

three groups. (Figure 3.3). Median PFS were 1.6 (95% CI: 1.3-1.9) vs 2.2 (95% CI: 1.9-3.1) vs 

5.1 (95% CI: 3.9-7.2) months for the poor, intermediate and good groups, respectively.  

 

Figure 3.3 PFS according to prognostics score group in the sensitivity analysis. 
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Subgroup analysis of PFS according to drug type showed that the ability of the prognostic score 

to stratify patients was maintained for patients treated with nivolumab and pembrolizumab, the 

association was not seen in the atezolizumab given the small sample size (Figure 3.4). 

A.                                                                     B. 

 
                                      C. 

 
Figure 3.4 Subgroup analysis of PFS according to drug type: (A) Nivolumab, (B) 

Pembrolizumab, (C) Atezolizumab  
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Discussion 

We proposed a prognostic score that combined PD-L1 expression, EGFR mutation status, ECOG 

performance status, and albumin level to stratify advanced NSCLC patients treated with PD-1/L1 

inhibitors into poor, intermediate, and good groups. In this study, PFS was the primary endpoint, 

which was a direct measure of clinical benefit not subject to influence from post protocol 

therapy; OS was the secondary endpoint that demonstrated clinical benefits that were meaningful 

to patients.22 Our prognostic score can stratify patients for both PFS and OS. A sensitivity 

analysis was performed to explore the impact of missingness of progression (adverse effect and 

move to hospice) and evaluate the robustness of results. Our study has emphasized the negative 

prognostics role of PD-L1 expression <1%, mutant EGFR, ECOG PS ≥ 2, and albumin< 3.5g/dl, 

which were consistent with findings in other studies and had high clinical relevance to 

progression and overall survival in advanced NSCLC patients.14,23-25  Compared to the published 

prognostic score for patients received PD-1/L1 inhibitors, our prognostics score is the first one to 

include PD-L1 expression level and EGFR mutation status. The performance of the model was 

better than the model using PD-L1 alone.  

 

Patients in this study were from real-world oncology practices, who did not necessarily meet 

numerous and restrictive eligibility criteria for clinical trials.26 We included patients with older 

age, poor performance status, history of autoimmune disease, chronic steroid requirement, and 

symptomatic brain metastases.27 Accordingly, the results of our study may be more applicable to 

select patients who should receive these treatments in real-world oncology practice. Variables 

were from routine medical care could be easily collected and integrated for clinical utility.  
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This study has several limitations. First, there were only 157 patients who had PD-L1 expression 

data available; this is because PD-L1 status testing is not mandatory for patients who were 

treated in a second line or above setting.28 We treated these missing data as a separate category. 

As a result, this prognostic score could be applied to everyone treated with PD-1/L1 inhibitors. 

Second, not every patient’s death was captured as patients may leave the healthcare system and 

loss to follow up, which inflated the estimates of median survival time. The median OS in our 

study is 18.4, which is longer than the median OS reported by other studies (10-12 months). 

Third, other markers such as tumor mutation burden, microsatellite instability status is warranted 

as they become available.29,30 However, test of tumor mutation burden is still an expensive 

technique that is presently unavailable in wide clinical practice. Finally, data were 

retrospectively collected from MGH and BWH, prospective validation of our model another 

population would be desirable. 

 

Conclusions 

A prognostics score combining PD-L1 expression level, EGFR mutation status, ECOG 

performance status, and albumin level was associated with poor outcomes of PD-1/L1 inhibitors. 

This prognostic score may help to identify advanced NSCLC patients who likely benefit from 

PD-1/L1 inhibitors. 
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Supplementary materials 

 
 

Supplemental Table 1.1 Discrepancies between EMR diagnosis date and random 

samples/BLCS diagnosis date 

Absolute discrepancy  
Random samples from 

LC mart (chart review) 

Boston Lung Cancer 

Study 

> 90 days 10.4% (7/67) 12.4% 

>180 days 9.0% (6/67) 8.8% 

> One year 7.5% (5/67) 6.4% 

 

 

Supplemental Table 1.2 Discrepancies between first ICD time and random samples/BLCS 

diagnosis date 

Absolute discrepancy  
Random samples from 

LC mart (chart review) 

Boston Lung Cancer 

Study 

> 90 days 13.4% (9/67) 12.5% 

>180 days 11.9% (8/67) 8.9% 

> One year 9.0% (6/67) 6.4% 
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Supplemental Table 1.3 Comparison of histological type curated from BLCS cohort versus 

histological type extracted from EMR 

  BLCS 

EMR Adeno Squamous 
NSCLC 

unspecified 
Small cell 

Adeno 3386 64 185 3 

Squamous 44 951 46 0 

NSCLC unspecified 95 41 296 2 

Small cell 8 16 12 477 

Total 3533 1072 539 482 

Accuracy 0.96 0.89 0.55 0.99 
 

 

Supplemental Table 1.4 Comparison of histological type curated from chart review versus 

histological type extracted from EMR 

  Chart Review 

EMR Adeno Squamous 
NSCLC 

unspecified 
Small cell 

Adeno 38 0 0 0 

Squamous 0 8 0 0 

NSCLC unspecified 2 1 4 0 

Small cell 0 0 0 8 

Total 40 9 4 8 

Accuracy 0.95 0.89 1.00 1.00 
Note: Comparison performed using 67 patients using chart review and EMR extracted histological 

type 
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Supplemental Table 1.5 Comparison of stage curated from BLCS cohort versus stage extracted 

from EMR  

   BLCS 

EMR Stage1 Stage 2 Stage 3 Stage 4 Extensive Limited 

Stage 1 1287 89 37 49 0 1 

Stage 2 160 308 24 19 0 0 

Stage 3 84 47 955 63 1 0 

Stage 4 145 45 94 1302 1 0 

Extensive 2 0 2 12 207 11 

Limited 25 9 15 8 14 174 

Total 1703 498 1127 1453 223 186 

Accuracy 0.76 0.62 0.85 0.90 0.93 0.94 

Note: Comparison performed using 5190 patients with histology type from both BLCS and EMR data 

 

 

 

Supplemental Table 1.6 Comparison of stage from chart review versus stage extracted from 

EMR  
 

  Chart Review 

EMR Stage1 Stage 2 Stage 3 Stage 4 Extensive Limited 

Stage 1 9 1 0 0 0 0 

Stage 2 3 6 1 1 0 0 

Stage 3 1 0 13 1 0 0 

Stage 4 1 1 0 14 0 0 

Extensive 0 0 0 0 2 1 

Limited 0 0 0 0 0 2 

Total 14 8 14 16 2 3 

Accuracy 0.64 0.75 0.93 0.88 1.00 0.67 

Note: Comparison performed using 57 patients with histology type from both BLCS and EMR data 
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Supplemental Table 2.1 Values of laboratory variables in the training and testing sets. 

 

Patient characteristic Training set Testing set p-value 

    N=8793 (%) N=2931 (%)   

Albumin <=3.5 g/dl   529 (18.0)   1550 (17.6)  0.874 

 >3.5 g/dl  1907 (65.1)   5754 (65.4)   

 Missing   495 (16.9)   1489 (16.9)   
ALKP <=140 IU/L  2382 (81.3)   7106 (80.8)  0.102 

 >140 IU/L   193 (6.6)    677 (7.7)   

 Missing   356 (12.1)   1010 (11.5)   
ALT <=7 IU/L    96 (3.3)    309 (3.5)  0.824 

 >=56 IU/L   127 (4.3)    384 (4.4)   

 7-56 IU/L  2340 (79.8)   7043 (80.1)   

 Missing   368 (12.6)   1057 (12.0)   
AST <=10 IU/L    51 (1.7)    142 (1.6)  0.889 

 >=40 IU/L   258 (8.8)    748 (8.5)   

 10-40 IU/L  2251 (76.8)   6809 (77.4)   

 Missing   371 (12.7)   1094 (12.4)   
BUN <=7 mg/dL   116 (4.0)    335 (3.8)  0.886 

 >=20 mg/dL   774 (26.4)   2307 (26.2)   

 7-20 mg/dL  1942 (66.3)   5829 (66.3)   

 Missing    99 (3.4)    322 (3.7)   
Calcium <=8.5 mg/dl   466 (15.9)   1413 (16.1)  0.204 

 >=10.5 mg/dl    68 (2.3)    270 (3.1)   

 8.5-10.5 mg/dl  2229 (76.0)   6604 (75.1)   

 Missing   168 (5.7)    506 (5.8)   
Chloride <=96 mEq/L   247 (8.4)    850 (9.7)  0.192 

 >=106 mEq/L   428 (14.6)   1322 (15.0)   

 96-106 mEq/L  2125 (72.5)   6229 (70.8)   

 Missing   131 (4.5)    392 (4.5)   
Creatinine above   504 (17.2)   1477 (16.8)  0.434 

 normal  2219 (75.7)   6705 (76.3)   

 under   119 (4.1)    312 (3.5)   

 Missing    89 (3.0)    299 (3.4)   
Glucose <=100 mg/dL  1100 (37.5)   3286 (37.4)  0.984 

 >=125 mg/dL   903 (30.8)   2730 (31.0)   

 100-125 mg/dL   779 (26.6)   2343 (26.6)   

 Missing   149 (5.1)    434 (4.9)   
HBG above    37 (1.3)    119 (1.4)  0.986 

 normal  1649 (56.3)   4949 (56.3)   

 under  1149 (39.2)   3437 (39.1)   

 Missing    96 (3.3)    288 (3.3)   
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Supplemental Table 2.1 (Continued) 

 

  

MCH <=27 pg/cell   249 (8.5)    775 (8.8)  0.819 

 >=33 pg/cell   234 (8.0)    660 (7.5)   

 27-33 pg/cell  2352 (80.2)   7067 (80.4)   

 Missing    96 (3.3)    291 (3.3)   
MCHC <=31 g/dL    60 (2.0)    169 (1.9)  0.949 

 >=37 g/dL     7 (0.2)     25 (0.3)   

 31-37 g/dL  2769 (94.5)   8310 (94.5)   

 Missing    95 (3.2)    289 (3.3)   

MCV 

<=80 

femtoliters/cell   159 (5.4)    490 (5.6)  0.986 

 

>=96 

femtoliters/cell   317 (10.8)    937 (10.7)   

 

80-96 

femtoliters/cell  2359 (80.5)   7076 (80.5)   

 Missing    96 (3.3)    290 (3.3)   
PLT <=150000/ml   129 (4.4)    392 (4.5)  0.68 

 >=450000/ml   286 (9.8)    797 (9.1)   

 150000-450000/ml  2421 (82.6)   7300 (83.0)   

 Missing    95 (3.2)    304 (3.5)   
Potassium <=3.5 mEq/L   274 (9.3)    902 (10.3)  0.181 

 >=5.0 mEq/L    97 (3.3)    331 (3.8)   

 3.5-5.0 mEq/L  2406 (82.1)   7056 (80.2)   

 Missing   154 (5.3)    504 (5.7)   
RBC normal  1274 (43.5)   3749 (42.6)  0.717 

 under  1560 (53.2)   4756 (54.1)   

 MISSING    97 (3.3)    288 (3.3)   
RDW <=14.5%  2183 (74.5)   6508 (74.0)  0.88 

 >14.5%   651 (22.2)   1986 (22.6)   

 Missing    97 (3.3)    299 (3.4)   
Sodium <=135 mEq/L   443 (15.1)   1376 (15.6)  0.817 

 >=145 mEq/L    66 (2.3)    211 (2.4)   

 135-145 mEq/L  2296 (78.3)   6814 (77.5)   

 Missing   126 (4.3)    392 (4.5)   
Bilirubin <=0.2 mg/dL   332 (11.3)    990 (11.3)  0.625 

 >1.2 mg/dL    49 (1.7)    177 (2.0)   

 0.2-1.2 mg/dL  2195 (74.9)   6602 (75.1)   

 Missing   355 (12.1)   1024 (11.6)   
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Supplemental Table 2.1 (Continued) 

  

WBC >=11*10^9/L  2139 (73.0)   6350 (72.2)  0.678 

 4.5-11*10^9/L   697 (23.8)   2162 (24.6)   

 Missing    95 (3.2)    281 (3.2)   
Lymphocytes <=20%  1403 (47.9)   4081 (46.4)  0.545 

 >=40%    74 (2.5)    228 (2.6)   

 20-40%   997 (34.0)   3107 (35.3)   

 Missing   457 (15.6)   1377 (15.7)   
Neutrophils <=40%    22 (0.8)     84 (1.0)  0.449 

 >=60%  2113 (72.1)   6252 (71.1)   

 40-60%   336 (11.5)   1083 (12.3)   

 Missing   460 (15.7)   1374 (15.6)   

Monocytes <=2%   106 (3.6)    351 (4.0)  0.802 

 >=8%   513 (17.5)   1560 (17.7)   

 2-8%  1853 (63.2)   5505 (62.6)   

 Missing   459 (15.7)   1377 (15.7)   

Eosinophils <=1%   945 (32.2)   2738 (31.1)  0.689 

 >=4%   403 (13.7)   1209 (13.7)   

 1-4%  1123 (38.3)   3461 (39.4)   

 Missing   460 (15.7)   1385 (15.8)   

Basophils <=0.5%  1559 (53.2)   4734 (53.8)  0.88 

 >=1%   520 (17.7)   1505 (17.1)   

 0.5-1%   385 (13.1)   1153 (13.1)   

 Missing   467 (15.9)   1401 (15.9)   

NLR <=4  1294 (44.1)   3968 (45.1)  0.602 

 >4  1177 (40.2)   3444 (39.2)   

  Missing   460 (15.7)   1381 (15.7)   
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Supplemental Table 3.1 Distributions of laboratory variables  

 

  Overall 

Lab Test Level 412 

Albumin (%) <=3.5g/dl 127 (30.8)  

 >3.5g/dl 194 (47.1)  

 Untested  91 (22.1)  

ALKP (%) <=140iu/l 260 (63.1)  

 >140iu/l  61 (14.8)  

 Untested  91 (22.1)  

ALT (%) <=7iu/l  26 (6.3)  

 >=56iu/l  15 (3.6)  

 7-56iu/l 280 (68.0)  

 Untested  91 (22.1)  

AST (%) <=10iu/l  11 (2.7)  

 >=40iu/l  30 (7.3)  

 10-40iu/l 280 (68.0)  

 Untested  91 (22.1)  

BUN (%) <=7mg/dl  20 (4.9)  

 >=20mg/dl  92 (22.3)  

 7-20mg/dl 215 (52.2)  

 Untested  85 (20.6)  

Calcium (%) <=8.5mg/dl  39 (9.5)  

 >=10.5mg/dl   7 (1.7)  

 8.5-10.5mg/dl 281 (68.2)  

 Untested  85 (20.6)  

Chloride (%) <=96meq/L  76 (18.4)  

 >=106meq/L   9 (2.2)  

 96-106meq/L 242 (58.7)  

 Untested  85 (20.6)  

Creatinine (%) Above  55 (13.3)  

 Normal 238 (57.8)  

 Under  34 (8.3)  

 Untested  85 (20.6)  

Glucose (%) <=100mg/dl  96 (23.3)  

 >=125mg/dl 109 (26.5)  

 100-125mg/dl 122 (29.6)  

 Untested  85 (20.6)  

HGB (%) Above   1 (0.2)  

 Normal  69 (16.7)  

 Under 256 (62.1)  

 Untested  86 (20.9)  

MCH (%) <=27pg/cell  50 (12.1)  

 >=33pg/cell  35 (8.5)  

 27-33pg/cell 241 (58.5)  

 Untested  86 (20.9)  
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Supplemental Table 3.1 (Continued) 
MCHC (%) <=31g/dl  32 (7.8)  

 31-37g/dl 294 (71.4)  

 Untested  86 (20.9)  

MCV (%) <=80femtoliters/cell  12 (2.9)  

 >=96femtoliters/cell  71 (17.2)  

 80-96femtoliters/cell 243 (59.0)  

 Untested  86 (20.9)  

PLT (%) <=150000/ml  36 (8.7)  

 >=450000/ml  32 (7.8)  

 150000-450000/ml 257 (62.4)  

 Untested  87 (21.1)  

Potassium (%) <=3.5meq/L  25 (6.1)  

 >=5.0meq/L  12 (2.9)  

 3.5-5.0meq/L 286 (69.4)  

 Untested  89 (21.6)  

RBC (%) Normal  51 (12.4)  

 Under 275 (66.7)  

 Untested  86 (20.9)  

RDW (%) <=14.5% 114 (27.7)  

 >14.5% 212 (51.5)  

 Untested  86 (20.9)  

Sodium (%) <=135meq/L  82 (19.9)  

 >=145meq/L   2 (0.5)  

 135-145meq/L 243 (59.0)  

 Untested  85 (20.6)  

Bilirubin (%) >0.4mg/dl  94 (22.8)  

 0-0.4mg/dl 227 (55.1)  

 Untested  91 (22.1)  

Protein (%) <=6g/dl  38 (9.2)  

 >=8.3g/dl   4 (1.0)  

 6-8.3g/dl 281 (68.2)  

 Untested  89 (21.6)  

WBC (%) >=11*10^9/l  78 (18.9)  

 4.5-11*10^9/l 248 (60.2)  

 Untested  86 (20.9)  

Lymphocytes (%) <=20% 246 (59.7)  

 >=40%   3 (0.7)  

 20-40%  75 (18.2)  

 Untested  88 (21.4)  

Neutrophils (%) <=40%   2 (0.5)  

 >=60% 283 (68.7)  

 40-60%  39 (9.5)  

 Untested  88 (21.4)  

NLR (%) <=5 147 (35.7)  

 >5 176 (42.7)  

 Untested  89 (21.6)  
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(A)                                                                      (B)                   

 
 

 

 

Supplemental Figure 1.1 Histogram of date discrepancies for extracted diagnosis date from 

EMR, as compared to chart review(A)/BLCS cohort (B) diagnosis date. Positive deflections 

represent an extracted date that is later than the chart review/BLCS date. Outliers beyond +/- 365 

days (one year) are not shown. 
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