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Abstract
Background: Tyrosine kinase inhibitors (TKIs) provide clinical bene�ts to the lung cancer patients with
epidermal growth factor receptor (EGFR) mutations. However, non-invasively determine EGFR mutation
status in patients before targeted therapy remains a challenge. This study aimed to develop and validate a
nomogram for preoperative prediction of EGFR mutation status in patients with lung adenocarcinoma.

Methods: This study retrospectively collected medical records of 403 patients with histologically
con�rmed lung adenocarcinoma from January 2016 and June 2020. The patients were divided into
development and validation cohorts. The preoperative information on all patients was obtained, including
clinical characteristics and computed tomography (CT) features. Multivariate logistic regression analysis
was used to develop the predictive model. We combined CT features and clinical risk factors and used
them to build a prediction nomogram. The performance of the nomogram was evaluated in terms of
calibration, discrimination, and clinical usefulness. The nomogram was further validated in an
independent external cohort.

Results: The predictive factors incorporated in the personalized prediction nomogram included smoking
history (OR, 0.2; 95% CI: 0.1, 0.4; P < 0.001), bubble-like lucency (OR, 2.2; 95% CI: 1.3, 3.8; P = 0.003),
pleural attachment (OR, 0.4; 95% CI: 0.2, 0.7, P = 0.001) and thickened adjacent bronchovascular bundles
(OR, 3.1; 95% CI: 1.8, 5.3; P < 0.001). Based on these parameters, the prediction model has good
discrimination and calibration ability. The area under the curve in the development and validation cohorts
were 0.784 (95% CI: 0.733, 0.835) and 0.740 (95% CI: 0.643, 0.838), respectively. Decision curve analysis
showed that the model was clinically useful.

Conclusions: This study presented a nomogram that contained CT features and clinical risk factors, which
could conveniently and non-invasively predict EGFR mutation status in patients with lung
adenocarcinoma before surgery.

Background
In the past decade, with the discovery of a series of oncogenic driver genes in lung cancer, especially in
patients with epidermal growth factor receptor (EGFR) mutations, tyrosine kinase inhibitors (TKIs), such as
ge�tinib and osimertinib, can provide signi�cant clinical bene�ts; compared with platinum-based
chemotherapy alone, approximately 70% of patients treated with TKIs achieved objective remission,
improved progression-free survival, and improved quality of life[1–4]. Therefore, it is particularly important
to determine the EGFR mutation status of patients with lung cancer before initiating TKIs therapy.
Currently, the detection of EGFR status in tissue samples is the most commonly used and accurate
method, however, due to small samples and sampling errors, it is not always possible to determine the
EGFR mutation status before targeted therapy[5, 6]. In addition, biopsy increases the risk of local tumor
metastasis, and repeated sampling increases the �nancial burden [7, 8]. Given these limitations, a
noninvasive, easy to operate, and economical and practical technique for detecting EGFR mutation status
is urgently needed.
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Computed tomography (CT) is currently the most commonly used and most important imaging method in
lung cancer diagnosis, clinical staging, e�cacy evaluation, and follow-up after treatment [9, 10]. Some
studies have used CT imaging features to predict EGFR mutation status and obtained good results [5, 11–
17]. Suh et al. studied the relationship between CT features and EGFR mutation status and found that
tumors with EGFR mutations had higher pure ground-glass opacity (GGO) and part-solid nodule (PSN) and
smaller tumor size and higher proportion of inner solid portion, compared to those with wild-type EGFR
[11]. Liu et al. analyzed the CT features of tumors in 385 patients with lung adenocarcinoma, and the
results showed that the presence of EGFR mutations was signi�cantly correlated with 14 CT features,
such as smaller tumor, GGO, bubble-like lucency, pleural retraction, etc. Moreover, when conducting ROC
analysis, CT features combined with clinical variables were found to have good diagnostic performance in
predicting EGFR mutation status [5]. Although, these studies have found a correlation between CT features
and EGFR mutation status, few studies have independently veri�ed these results to con�rm their reliability
and accuracy.

The aim of this study was to develop and validate a nomogram that combined the CT features and
clinical variables for predicting of EGFR mutation status in patients with lung adenocarcinoma.

Methods
Patient selection

This retrospective study was approved by the Institutional Review Committee of Lanzhou University
Second Hospital (Lanzhou, China), and the informed patient consent was waived. Patients who met the
following inclusion criteria were enrolled in this study. (1) Histologically con�rmed as lung
adenocarcinoma; (2) Detection of EGFR mutation status on tumor specimens; (3) Obtained pre-operative
CT scan date; (4) No previous history of malignant tumor. Patients were excluded if (1) There was a lack
of clinical data, such as age, sex, and smoking history; (2) Received treatment before surgery; (3) Younger
than 18 years of age; (4) The interval between CT scan and surgery exceeded 1 month; (5) The CT image
quality was poor. Finally, 403 patients were included in this study (mean age ± SD, 57.4 ± 9.45 years; 205
males, 198 females). The sample included 208 mutated and 195 wild-type EGFR cases. 302 patients (159
mutated and 143 wild-type EGFR cases) diagnosed with lung adenocarcinoma from January 2016 to
March 2019 were included in the development cohort, and 101 patients (49 mutated and 52 wild-type
EGFR cases) diagnosed with lung adenocarcinoma from April 2019 to June 2020 were included in the
validation cohort. Supplementary Table S1 summarizes patient characteristics in the development and
validation cohorts.

CT image acquisition

CT scans were performed using Discovery CT750 HD (GE Healthcare), Philips iCT 256 (Koninklijke Philips
N.V.) and Somatom Sensation 64 (Siemens, Erlangen, Germany). Scanning parameters were as follows:
tube voltage, 120 kVp; tube current, 150-200 mA; the layer thickness of the axial image was 5-mm and the
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layer spacing was 5-mm; the reconstruction layer thickness was 1.25-mm and the reconstruction interval
was 1.25-mm.

CT image interpretation

A radiologist with 5 years’ experience (G.J.Z) in CT imaging of thoracic malignancies and another
radiologist with 15 years’ experience (J.Z) independently evaluated CT images. The two radiologists were
blinded to clinical data and histological results. If there was any disagreement, a unanimous conclusion
was reached after discussion. All CT images were read with both lung (width: 1500 to 2000 HU; level: -450
to -600 HU) and mediastinal (width: 300 to 350 HU; level: 30 to 50 HU) window settings. In terms of
morphological characteristics, a total of 20 CT features were assessed (Table 1). Spiculation was de�ned
as a linear image extending from the edge of a nodule or mass into the lung parenchyma without being
associated with the pleura [18]. Air bronchogram was de�ned as the pattern of air bronchi under an
opaque background [19]. Bubblelike lucency was de�ned as a small spot of air attenuation with a
diameter of less than 5 mm in a mass or nodule [16].

EGFR mutationanalysis

EGFR mutations were detected in tumors that were histologically con�rmed as lung adenocarcinoma.
Analysis of mutation status of EGFR exons 18~21 was examined using a PCR–based ampli�ed refractory
mutation system (ARMS) by using the human EGFR gene detection kit (Beijing SinoMD Gene Detection
Technology Co., Ltd, Beijing, China). If exons 18, 19, 20, and 21 were mutated at any point, EGFR mutation
was considered; otherwise, EGFR was de�ned as wild-type.

Statistical analyses

All statistical analyses were performed using R software (version 3.6.0). Countable variables were
expressed as percentages and measurement data as mean ± standard deviation (SD). Univariate and
multivariate logistic regression were used to analyze clinical and CT variables. Multivariate logistic
regression analysis was performed for variables with differences in univariate analysis, and the stepwise
forward method was used to select the variables ultimately included in the model. Two-sided P < 0.05
indicated signi�cant difference.

Based on the variables of multiple logistic regression, we established an individualized nomogram
prediction model related to EGFR mutation status. We drew a calibration curve to evaluate the goodness
of �t of the prediction model. The ability of the prediction model was evaluated according to the
discrimination and calibration. The distinction of the predictive model refers to its ability to distinguish
patients with mutated EGFR from patients with wild-type EGFR. Decision curve analysis was performed to
determine the clinical bene�t of the nomogram. Use the area under the curve (AUC) of the receiver
operating characteristic (ROC) curve to evaluate the discrimination of the dichotomy result [20]. AUC
values ranged from 0.5 to 1. The larger the AUC value was, the better was the discrimination ability of the
prediction model. Generally, AUC > 0.75 was considered to have excellent discrimination [21].
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Results
Population characteristics

A total of 403 patients were enrolled, including 302 in the development cohort (mean age ± SD, 57.97 ±
9.53 years, 148 males and 154 females) and 101 in the validation cohort (mean age ± SD, 56.54 ± 9.20
years, 53 males and 48 females). The EGFR mutation rate was 52.6% and 48.5% in the development and
validation cohorts (P = 0.472), respectively. There were no signi�cant differences between the two cohorts
in age (P = 0.191), sex (P = 0.546), smoking history (P = 0.35), carcinoembryonic antigen (CEA) (P=0.433),
EGFR mutation status (P=0.472), and CT features (including 20 CT features) (P > 0.05)( Supplementary
table S1). The balance between the two cohorts illustrated the rationality in patient grouping in this study.

The relationship between the characteristics of patients in the development cohort (including clinical
characteristics and CT features) and EGFR mutation status are shown in Table 1. There was no statistical
difference in age (57.55 ± 9.31 vs. 58.43 ± 9.78; odds ratio [OR], 0.99; 95% con�dence interval [CI]: 0.97,
1.01; P = 0.421) and CEA (72.3% vs. 66.4%; OR, 1.32; 95% CI: 0.81, 2.16; P = 0.267) between patients with
mutated EGFR and wild-type EGFR. Patients with EGFR mutations were more likely to be females (63.5%
vs. 37.1%; OR, 2.296; 95% CI: 1.85, 4.72; P < 0.001) and have never smoking status (85.5% vs. 59.4%; OR,
0.25; 95% CI: 0.14, 0.43; P < 0.001) compared with those with wild-type EGFR.

Prediction nomogram construction

Univariate analysis of the development cohort showed that clinical factors with statistically signi�cant
differences in EGFR mutation status included sex and smoking history, and CT features factors included
long-axis diameter (OR, 0.77; 95% CI: 0.69, 0.86; P < 0.001), size (OR, 0.46; 95% CI: 0.28, 0.77, P = 0.003),
contour (OR, 0.48; 95% CI: 0.30, 0.79, P = 0.003), speculation (OR, 2.42; 95% CI: 1.49, 3.95, P <0.001), air
bronchogram (OR, 2.03; 95% CI: 1.28, 3.22, P = 0.003), bubble-like lucency (OR, 2.78; 95% CI: 1.74, 4.43, P <
0.001), calci�cation (OR, 0.53; 95% CI: 0.30, 0.94, P = 0.029), vascular convergence (OR, 2.89; 95% CI: 1.60,
5.22, P < 0.001), pleural attachment (OR, 0.36; 95% CI: 0.22, 0.59, P < 0.001), thickened adjacent
bronchovascular bundles (OR, 4.19; 95% CI: 2.58, 6.79, P < 0.001), and pleural effusion (OR, 0.59; 95% CI:
0.36, 0.96, P = 0.035), whereas age, CEA, distribution, lobe location, short-axis diameter, lobulation, texture,
�ssure attachment, peripheral emphysema, peripheral �brosis, and in�ammation were not related to EGFR
mutation status (P > 0.05) (Table 1).

Multivariate logistic regression analysis was performed on variables with statistical differences in the
univariate analysis and found that smoking history (OR, 0.2; 95% CI: 0.1, 0.4; P < 0.001), bubble-like
lucency (OR, 2.2; 95% CI: 1.3, 3.8, P = 0.003), pleural attachment (OR, 0.4; 95% CI: 0.2, 0.7, P = 0.001), and
thickened adjacent bronchovascular bundles (OR, 3.1; 95% CI: 1.8, 5.3; P < 0.001) were independent risk
factors related to EGFR mutation status (Table 1).

Based on the results of multiple logistic regression analysis, we used four independent risk factors to
generate an individualized nomogram to predict the EGFR mutation status (Figure 1). In the development
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(OR, 1.08; 95% CI: 0.86, 1.36) and the validation (OR, 0.94; 95% CI: 0.61, 1.46) cohorts, the 95% CI of the
calibration curve did not cross the diagonal line (Figures 2a and 2b). Therefore, the predicted probability of
the nomogram model was consistent with the actual probability, which indicated that the model had good
consistency.

Performance comparison of four risk factors and nomograms

The ROC curves of the four independent risk factors and the hybrid nomogram are shown in Figure 3. In
the development cohort, the AUC of the hybrid nomogram was 0.784 (95% CI: 0.733, 0.835), while the AUC
of smoking history, bubble-like lucency, pleural attachment, and thickened adjacent bronchovascular
bundles were 0.630 (95% CI: 0.582, 0.679), 0.625 (95% CI: 0.570, 0.679), 0.616 (95% CI: 0.563, 0.760) and
0.671 (95% CI: 0.618, 0.724), respectively. (Figure 3a, Table 2). The AUC of the external validation cohort
was 0.740 (95% CI: 0.643, 0.838) (Figure 3b, Table 2).

Decision curve analysis

The decision curves of the four risk factors and the hybrid nomogram are shown in Figure 4. Compared
with the four risk factors, when the threshold probability was less than 83%, the hybrid nomogram showed
the highest net bene�t.

Discussion
In this study, we developed and validated a nomogram based on CT features including bubble-like lucency,
pleural attachment, and thickened adjacent bronchovascular bundles and clinical variable, the smoking
history, for personalized prediction of EGFR mutation status. The nomogram development cohort included
302 patients with lung adenocarcinoma. To further validate the performance of this model, we evaluated it
in an independent external validation cohort that included 101 cases. The AUC of the model in the
development and validation cohorts was 0.784 and 0.740, respectively.

EGFR mutation rate in this study was 51.6% (208/403), consistent with that shown in previous reports [5,
12, 15, 16, 22]. The EGFR mutation rate in the development cohort was slightly higher than that in the
validation cohort (52.6% [159/302] vs. 48.5% [49/101]), and there was no statistical difference between
the two cohorts (P = 0.472). The reason for this �uctuation may be related to our data selection bias. In
addition, we found that female sex and non-smoking status were more common in the group with
mutated EGFR than in the wild-type group, which was in agreement with previously published reports [5,
11, 15–17, 23–25]. Several studies have identi�ed CT features associated with EGFR mutation status [5,
11–17, 26–29]. Consistent with the previous results, we found in multivariate analysis that smoking
history, bubble-like attachment, and thickened bronchovascular bundles were independently correlated
with EGFR mutations [5, 11, 16].

For the construction of the nomogram, we carried out multiple logistic regression analyses on the
variables that showed statistical differences in univariate analysis. We then selected the variables that
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showed signi�cant differences in the univariate analysis in the �nal model. Finally, we used 13 candidate
variables, including 11 CT features and 2 clinical variables, which were reduced to 4 potential predictor
variables including 3 CT features and 1 clinical variable. This method not only simpli�ed the method of
selecting a predictor variable based on the strength of the predictor variable's univariate association with
the result [30], but also presented the result variable related to the predictor variable to the observer more
intuitively. Girard et al. used the clinical and pathological data of non-small cell lung cancer patients to
establish a nomogram model to predict the EGFR mutation status, and the AUC of the model in the
independent validation dataset reached 0.84 [31]. However, since the model included histological subtypes
of tumors, this variable was obtained after that surgery and was invasive. Therefore, that model by Girard
et al. had certain limitations in predicting the EGFR mutation status before surgery. In the present study,
the variables included in the model were easily available before surgery and were non-invasive. Therefore,
our model is easier to use in clinical practice.

One of the most important reasons for using a nomogram is that it can explain the needs of individual
treatment or care needs. However, the clinical consequences of a speci�c level of discrimination or
misalignment cannot be captured by performance, discrimination, and calibration of risk prediction [32–
34]. Therefore, in order to demonstrate the usefulness of a nomogram, a decision curve was used to
evaluate whether the decision of a nomogram model would improve the prognosis of patients. This novel
approach analyzed clinical consequences based on threshold probabilities and derived net bene�ts from it
[35–37]. The decision curve showed that when the threshold probability was < 83%, using the model to
predict EGFR mutation status brought greater net bene�t to TKIs therapy.

Our nomogram model still has some limitations. Firstly, this was a single-center retrospective study.
Although we conducted independent external validation of the model, multi-center validation is still
needed in subsequent studies to con�rm the practicality of this model. Secondly, our analysis was limited
to lung adenocarcinoma and did not involve other histological subtypes, because most EGFR mutations
are found in lung adenocarcinoma.

Conclusion
Our study constructed a personalized nomogram model incorporating CT features and clinical risk factors,
which can conveniently and non-invasively predict EGFR mutation status before surgery.

Abbreviations
ARMA, ampli�ed refractory mutation system; AUC, area under the curve;

CEA, carcinoembryonic antigen; CT, computed tomography;

GGO, ground-glass opacity; EGFR, epidermal growth factor receptor;

ROC, receiver operating characteristic curve; TKIs, tyrosine kinase inhibitors.
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Tables
Table 1. Univariate and multivariate logistic regression models in the development cohort.
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Characteristic EGFR
mutant

(n=159)

EGFR wild-
type

(n=143)

Univariate analysis Multivariate analysis

OR (95%CI) P
value

OR
(95%CI)

P
value

Age (years)            

Mean ± SD 57.55±9.31 58.43±9.78 0.99

(0.97~1.01)

0.421 NA  

Sex            

  Male 58 (36.5) 90 (62.9) Reference
0.001

NA  

Female 101 (63.5) 53 (37.1) 2.96

(1.85~4.72)

     

Smoking history*            

  Yes 23 (14.5) 58 (40.6) Reference
0.001

Reference  

No 136 (85.5) 85 (59.4) 0.25

(0.14~0.43)

  0.2 (0.1,
0.4)

<0.001

CEA (μg/L)            

  Normal 44 (27.7) 48 (33.6) Reference 0.267 NA  

High 115 (72.3) 95 (66.4) 1.32

(0.81, 2.16)

     

Distribution            

  Central 38 (23.9) 40 (28.0) Reference 0.419 NA  

Peripheral 121 (76.1) 103 (72.0) 1.24

(0.74~2.07)

     

Lobe location            

  Right upper 45 (28.3) 41 (28.7) Reference 0.217 NA  

Right middle 19 (11.9) 8 (5.6) 2.16

(0.86~
5.47)

     

Right lower 37 (23.3) 30 (21.0) 1.12

(0.59~
2.13)
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Left upper 34 (21.4) 32 (22.4) 0.97

(0.51~1.84)

     

Left lower 24 (15.1) 32 (22.4) 0.68

(0.35~1.35)

     

Long-axis diameter 3.91±1.83 5.17±2.55 0.77

(0.69~0.86)
0.001

NA  

Short-axis diameter 3.12±3.07 3.62±1.76 0.89

(0.78~1.02)

0.098 NA  

Size            

  ≤ 3 cm 61 (38.4) 32 (22.4) Reference 0.003 NA  

3 cm 98 (61.6) 111 (77.6) 0.46

(0.28~0.77)

     

Contour            

Regular 68 (42.8) 38 (26.6) Reference 0.003 NA  

Irregular 91 (57.2) 105 (73.4) 0.48

(0.30~0.79)

     

Lobulation            

  ≤ 3 75 (47.2) 52 (36.4) Reference 0.058 NA  

3 84 (52.8) 91 (63.6) 0.64

(0.40~1.02)

     

Spiculation            

Yes 120 (75.5) 80 (55.9) 2.42

(1.49~
3.95)

0.001
NA  

  No 39 (24.5) 63 (44.1) Reference      

Texture            

Non-solid 36 (22.6) 27 (18.9) Reference 0.422 NA  

Solid 123 (77.4) 116 (81.1) 0.80

(0.45~1.39)

     

Air bronchogram            
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Yes 104 (65.4) 69 (48.3) 2.03

(1.28~3.22)

0.003 NA  

No 55 (34.6) 74 (51.7) Reference      

Bubblelike lucency            

Yes 103 (64.8) 57 (39.9) 2.78

(1.74~4.43)
0.001

2.2 (1.3,
3.8)

0.003

  No 56 (35.2) 86 (60.1) Reference   Reference  

Calci�cation            

Yes 24 (15.1) 36 (25.2) 0.53

(0.30~0.94)

0.029 NA  

  No 135 (84.9) 107 (74.8) Reference      

Vascular
convergence

           

Yes 139 (87.4) 101 (70.6) 2.89

(1.60~5.22)
0.001

NA  

  No 20 (12.6) 42 (29.4) Reference      

Fissure attachment            

Yes 50 (31.4) 50 (35.0) 0.85

(0.53~1.38)

0.517 NA  

  No 109 (68.6) 93 (65.0) Reference      

Pleural attachment            

Yes 42 (26.4) 71 (49.7) 0.36

(0.22~0.59)
0.001

0.4 (0.2,
0.7)

0.001

No 117 (73.6) 72 (50.3) Reference   Reference  

TABD            

Yes 101 (63.5) 42 (29.4) 4.19

(2.58~6.79)
0.001

3.1 (1.8,
5.3)

0.001

No 58 (36.5) 101 (70.6) Reference      

Peripheral
emphysema

           

Yes 131 (82.4) 123 (86.0) 0.76 0.390 NA  
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(0.41~1.42)

  No 28 (17.6) 20 (14.0) Reference      

Peripheral �brosis            

Yes 127 (79.9) 122 (85.3) 0.68

(0.37~1.25)

0.215 NA  

No 32 (20.1) 21 (14.7) Reference      

In�ammation            

Yes 110 (69.2) 101 (70.6) 0.93

(0.57~
1.53)

0.784 NA  

No 49 (30.8) 42 (29.4) Reference      

Pleural effusion            

Yes 41 (25.8) 53 (37.1) 0.59

(0.36~0.96)

0.035 NA  

  No 118 (74.2) 90 (62.9) Reference      

CEA, carcinoembryonic antigen; EGFR, epidermal growth factor receptor; NA, not applicable; SD, standard
deviation; TABD, Thickened adjacent bronchovascular bundles.

* Smoking history is de�ned as follows: Yes, former and current smokers; No, never smoked.

Table 2. The AUCs of the ROC curves for the nomogram and variables from the logistic regression model
in the development and validation cohorts.
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  Development cohort Validation cohort

AUC

(95%CI)

Sensitivity Speci�city AUC

(95%CI)

Sensitivity Speci�city

Nomogram
variables

0.784

(0.733~0.835)

0.679 0.762 0.740

(0.643~0.838)

0.588 0.840

Smoking
history

0.630

(0.582~0.679)

0.855 0.406 NA NA NA

Bubble-like
lucency

0.625

(0.570~0.679)

0.648 0.601 NA NA NA

Pleural
attachment

0.616

(0.563~0.670)

0.736 0.497 NA NA NA

TABD 0.671

(0.618~0.724)

0.635 0.706 NA NA NA

AUC, area under the curve; CI, con�dence interval; ROC, receiver operating characteristic; TABD, Thickened
adjacent bronchovascular bundles.

Figures



Page 17/21

Figure 1

Nomogram for prediction of EGFR mutation status risk and its predictive performance. The nomogram
was constructed in the development cohort combining the clinical characteristic, including the smoking
history, and CT features, including bubble-like lucency, pleural attachment, and TABD. CT, computed
tomography; EGFR, epidermal growth factor receptor; TABD, thickened adjacent bronchovascular bundles.
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Figure 2

Calibration curve of the nomogram in development (a) and validation (b) cohorts. The x-axis represents
the predicted EGFR mutation risk. The y-axis represents the actual EGFR mutation rate. The green line
represents a perfect estimated mutation rate by an ideal model. The red circle represents the performance
of the nomogram, in which a closer �t to the green line represents a better prediction. The blue circle
represents the 95% con�dence interval. EGFR, epidermal growth factor receptor.
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Figure 3

ROC curves of the predictive EGFR mutation status in the development (a) and validation (b) cohorts. The
AUC of the hybrid nomogram in the development cohort was 0.786 (Light blue line, Fig. 4a), and the AUC
in the validation cohort was 0.740 (Red line, Fig. 4b). AUC, area under the curve; EGFR, epidermal growth
factor receptor; ROC, receiver operating characteristic; TABD, thickened adjacent bronchovascular bundles.
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Figure 4

Decision curves of the four risk factors and the hybrid nomogram. The y-axis measures the net bene�t.
The purple line represents the hybrid nomogram. Red, light blue, dark blue, and green lines represent
smoking history, TABD, pleural attachment and bubble-like lucency, respectively. The gray line represents
the hypothesis that all patients have EGFR mutations. The black line represents the hypothesis that no
patients have EGFR mutations. When the threshold probability is <83%, the hybrid nomogram shows the
highest net bene�t. EGFR, epidermal growth factor receptor; TABD, Thickened adjacent bronchovascular
bundles.
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