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Abstract: Brain metastasis is very common in lung cancer and it's a fatal disease with extremely poor prognosis.
Until now, there has been a lack of accurate and efficient prognostic models for patients with lung cancer brain
metastases (LCBM), and the factors influencing the effectiveness of the surgery on primary lesion for these patients
remain unclear. We used 7 machine learning algorithms to create prognostic models to predict the overall survival
(OS) of LCBM based on the data from the Surveillance Epidemiology and End Results. Then, a series of validation
methods, including area under the curve values, receiver operating characteristic curve analysis, calibration curves,
decision curve analysis and external data validation were used to confirm the high discrimination, accuracy, and
clinical applicability of the XGBoost models. Propensity score matching adjusted analysis was conducted for further
stratified analysis to find factors influencing the benefit of surgery on primary lesion for LCBM. Models using XGBoost
algorithm performed best. Surgery on primary lesion was a favorable independent prognostic factor for LCBM. Age
> 70 years old, blacks, grade 1V, stage T4, N3, other distant organ metastases, squamous cell carcinoma, large cell
carcinoma and no radiation were all unfavorable factors of primary lung tumor surgery for the prognosis of LCBM.
Our study is the first one to create highly accurate Al models to predict the OS of LCBM. Our in-depth stratified analy-
sis found some influence factors of surgery on primary lesion for the prognosis of LCBM.
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Introduction devastating, with 10-20% having such lesions
at the time of diagnosis and up to 50% develop-
ing brain metastases (BM) as the disease pro-
gresses [6, 7], and 40-50% of all BM are from

LC[8, 9l.

Nowadays, lung cancer (LC) is the top 1 most
prevalent of all cancers and it is also the lead-
ing cause of cancer-related deaths, accounting
for 20% of all cancer deaths worldwide [1-3].

The extremely high rate of distant metastases
in LC is the main cause of poor prognosis; non-
small cell lung cancer (NSCLC) accounts for
85% of all LC patients [4] and around 40% of
these patients have distant metastases at ini-
tial diagnosis [5], while about 70% of patients
with small cell lung cancer (SCLC) have distant
metastases at primary diagnosis [6]. Among all
distant metastases in LC, central nervous sys-
tem metastases are the most common and

Patients with lung cancer brain metastases
(LCBM) generally have a particularly poor prog-
nosis, with an average median survival time of
only 3-6 months [9-12], posing remarkable clin-
ical challenges. Meanwhile, BM often cause
epilepsy, cognitive impairment or other neuro-
logical dysfunction, which further substantially
reduce the quality of life [7, 13]. Therefore, the
main concern of the patients with LCBM and
their families is how long they will live, and we
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Figure 1. The flowchart detailed the procedure for carrying out the study and analysis of data. SEER: Surveillance
Epidemiology and End Results, ROC: Receiver operating characteristic, AUC: the area under the curve, LCBM: lung

cancer brain metastases, PSM: propensity score matching.

need an accurate prognostic model to answer
this question and help optimise patient
management.

Former studies have built several prognostic
models by nomogram to predict the prognosis
of patients with LCBM, however, the accuracy
of these nomograms is nowhere near enough
(C-index or AUC value < 0.7) [14-17]. In addition,
some nomograms can only predict the progno-
sis of patients with SCLC [14, 15, 18], and other
nomograms can only work in LC patients with
simple BM [17], or predict the lung cancer spe-
cific survival (LCSS) of BM [16]. Therefore, we
lack a model that can be applied widely and
accurately to predict overall survival (0S) of
LCBM. To achieve this, machine learning can
help us create artificial intelligence (Al) predic-
tive models and make them more accurate in
large amounts of high-dimensional and multi-
modal data [19-21]. We used seven types of
machine learning algorithms to create prognos-
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tic models and found that Extreme Gradient
Boosting (XGBoost), one of the numerous
machine learning algorithms [19, 20], was the
most accurate.

Moreover, we unexpectedly found that a very
small percentage of patients with de novo
LCBM in the Surveillance Epidemiology and
End Results (SEER) database had a primary
lung tumor surgically removed, which was
not usually recommended. The results even
showed that resection of the primary lung
tumor was an independent favorable prognos-
tic factor for LCBM. We therefore further con-
ducted stratified analyses to investigate the
factors affecting therapeutic effect of the pri-
mary lung tumor surgery in patients with LCBM.

Our study examines the prognostic factors in
patients with LCBM using the most recent SEER
database and is the first one to create highly
accurate Al models to predict the 6-month, 1-
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Table 1. Baseline characteristics of patients with LCBM in overall, training and test sets

Overall Training set Test set
Characteristic level (n=12167) (n=8516) (n=3651) P
Cases (%) Cases (%) Cases (%)
Age 50 773 (6.35) 535 (6.28) 238 (6.52) 0.867
50-59 2907 (23.89) 2020 (23.72) 887 (24.29)
60-69 4427 (36.39) 3123 (36.67) 1304 (35.72)
70-79 3056 (25.12) 2134 (25.06) 922 (25.25)
80+ 1004 (8.25) 704 (8.27) 300 (8.22)
Sex Female 5716 (46.98) 4028 (47.30) 1688 (46.23)  0.29
Male 6451 (53.02) 4488 (52.70) 1963 (53.77)
Race White 9393 (77.20) 6576 (77.22) 2817 (77.16) 0.384
Black 1478 (12.15) 1017 (11.94) 461 (12.63)
Other 1296 (10.65) 923(10.84) 373(10.22)
Marriage status Married 6597 (54.22) 4592 (53.92) 2005 (54.92) 0.579
Divorced/Separated 1778 (14.61) 1266 (14.87) 512 (14.02)
Single 2298 (18.89) 1604 (18.84) 694 (19.01)
Widowed 1494 (12.28) 1054 (12.38) 440 (12.05)
Months from diagnosis to therapy 0 4804 (39.48) 3395 (39.87) 1409 (38.59) 0.383
>1 5832 (47.93) 4063 (47.71) 1769 (48.45)
Unknown 1531 (12.58) 1058 (12.42) 473 (12.96)
Pathological types Adenocarcinoma 7126 (58.57) 5016 (58.90) 2110 (57.79) 0.547
Squamous cell carcinoma 1641 (13.49) 1143 (13.42) 498 (13.64)
Small cell carcinoma 1189 (9.77) 808 (9.49) 381 (10.44)
Large cell carcinoma 257 (2.11) 178 (2.09) 79 (2.16)
Others 1954 (16.06) 1371 (16.10) 583 (15.97)
Grade Grade | 414 (3.40) 287 (3.37) 127 (3.48) 0.897
Grade Il 2737 (22.50) 1922 (22.57) 815 (22.32)
Grade Il 8034 (66.03) 5629 (66.10) 2405 (65.87)
Grade IV 982 (8.07) 678 (7.96) 304 (8.33)
T stage T1 1226 (10.08) 856 (10.05) 370(10.13) 0.765
T2 3432 (28.21) 2384 (27.99) 1048 (28.70)
T3 3052 (25.08) 2157 (25.33) 895 (24.51)
T4 4457 (36.63) 3119 (36.63) 1338 (36.65)
N stage NO 2845 (23.38) 1984 (23.30) 861 (23.58) 0.841
N1 1182 (9.71) 821 (9.64) 361 (9.89)
N2 5694 (46.80) 4008 (47.06) 1686 (46.18)
N3 2446 (20.10) 1703 (20.00) 743 (20.35)
Chemotherapy No/Unknown 5246 (43.12) 3654 (42.91) 1592 (43.60) 0.489
Yes 6921 (56.88) 4862 (57.09) 2059 (56.40)
Radiation None/Unknown 2929 (24.07) 2010 (23.60) 919 (25.17) 0.067
Yes 9238 (75.93) 6506 (76.40) 2732 (74.83)
Surgery No 11478 (94.34) 8037 (94.38) 3441 (94.25) 0.814
Yes 689 (5.66) 479 (5.62) 210 (5.75)
Bone No 8315 (68.34) 5834 (68.51) 2481 (67.95) 0.563
Yes 3852 (31.66) 2682 (31.49) 1170 (32.05)
Liver No 10190 (83.75) 7134 (83.77) 3056 (83.70) 0.946
Yes 1977 (16.25) 1382 (16.23) 595 (16.30)
Lung No 9088 (74.69) 6352 (74.59) 2736 (74.94) 0.701
Yes 3079 (25.31) 2164 (25.41) 915 (25.06)

LCBM, lung cancer brain metastases.
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Table 2. Univariate and multivariate Cox analysis of LCBM characteristics

Univariate Cox analysis Multivariate Cox analysis
0S LCSS 0S LCSS
HR 95% Cl P Value HR 95% Cl P Value HR 95% Cl P Value HR 95% Cl P Value

Age

<50 Reference Reference Reference

50-59 1.32 1.21-1.44 HEE 1.34 1.22-1.46 EE 1.21 1.11-1.33 HEE 1.23 1.12-1.36 HEE

60-69 1.48 1.36-1.60 HEE 1.48 1.35-1.61 HEK 1.32 1.20-1.44 HEE 1.32 1.21-1.45 A

70-79 1.89 1.74-2.06 bl 1.90 1.73-2.08 bl 1.59 1.45-1.74 b 1.59 1.45-1.76 wkx

>80 2.38 2.15-2.63 HEE 2.35 2.12-2.62 HEE 1.68 1.50-1.89 HEx 1.66 1.47-1.87 HAE
Sex

Female Reference Reference Reference

Male 1.27 1.22-1.32 HEE 1.27 1.22-1.32 KEK 1.23 1.18-1.28 HEE 1.23 1.17-1.28 A
Race

White Reference Reference Reference Reference

Black 1.03 0.97-1.09 0.35 1.02 0.96-1.08 0.56 0.96 0.90-1.02 0.19 0.95 0.89-1.02 0.15

Others 0.67 0.63-0.71 HEE 0.67 0.62-0.71 HEE 0.70 0.66-0.76 HEE 0.70 0.65-0.76 wEx
Marriage status

Married Reference Reference Reference Reference

Divorced/Separated 1.25 1.19-1.32 HEE 1.25 1.18-1.33 HEE 1.24 1.17-1.32 wEE 1.25 1.17-1.33 A

Single 1.15 1.10-1.21 HEE 1.13 1.07-1.20 KEK 1.06 1.00-1.12  0.06 1.05 0.99-1.11  0.13

Widowed 1.34 1.26-1.42 HEE 1.34 1.26-1.42 HEK 1.14 1.07-1.22 HEE 1.15 1.07-1.24 wEx
Months from diagnosis to therapy

0 month Reference Reference Reference Reference

> 1 month 0.81 0.78-0.84 HEx 0.81 0.78-0.85 HEK 0.78 0.75-0.82 HEE 0.78 0.75-0.82 A
Pathological type

Adenocarcinoma Reference Reference Reference

Squamous cell 1.67 1.57-1.76 HEE 1.67 1.58-1.78 KEK 1.46 1.37-1.55 HEE 1.49 1.40-1.59 HHE

Small cell 1.36 1.28-1.45 k% 1.37 1.28-1.47 khk 1.32 1.21-1.44 *h*E 1.34 1.22-1.47 FhE

Large cell 1.33 1.17-1.51 HEE 1.34 1.17-1.53 HEK 1.32 1.14-1.52 HEx 1.36 1.17-1.58 A

Others 1.47 1.40-1.55 i 1.42 1.34-1.50 KEE 1.32 1.24-1.40 KEE 1.29 1.21-1.38 HHE
Grade

Grade | Reference Reference Reference Reference

Grade Il 1.10 0.98-1.23  0.09 1.06 0.94-1.19 0.33 1.16 1.03-1.31 * 1.11 0.98-1.25 0.10

Grade Il 1.46 1.31-1.63 HEE 1.40 1.25-1.57 HEK 1.36 1.21-1.52 HEE 1.30 1.16-1.47 A

Grade IV 1.57 1.39-1.78 ki 1.51 1.33-1.72 bl 1.37 1.19-1.59 HEE 1.29 1.11-1.50 HEE
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T Stage

T1 Reference Reference Reference Reference

T2 1.26 1.17-1.35 bl 1.28 1.19-1.38 bl 1.29 1.20-1.40 i 1.30 1.20-1.41 bl

T3 1.47 1.37-1.58 HEE 1.51 1.40-1.63 HEK 1.43 1.33-1.55 HEE 1.45 1.33-1.57 A

T4 1.54 1.44-1.65 ki 1.59 1.48-1.71 bl 1.45 1.34-1.57 bl 1.46 1.35-1.59 HEE
N Stage

NO Reference Reference Reference Reference

N1 1.06 0.98-1.14 0.4 1.06 0.98-1.15 0.12 1.06 0.98-1.14 0.18 1.07 0.98-1.16 0.13

N2 1.20 1.14-1.26 HEE 1.21 1.15-1.27 HEK 1.17 1.11-1.24 HEE 1.18 1.11-1.25 A

N3 1.22 1.15-1.29 ki 1.23 1.16-1.31 bl 1.22 1.14-1.30 ki 1.23 1.14-1.31 wkx
Chemotherapy

No/unknown Reference Reference Reference Reference

Yes 0.36 0.34-0.37 HEE 0.37 0.36-0.39 EK 0.39 0.37-0.40 HEE 0.40 0.38-0.42 wEE
Radiotherapy

No/unknown Reference Reference Reference Reference

Yes 0.59 0.56-0.61 wEE 0.62 0.59-0.65 HEE 0.92 0.86-0.97 wx 0.94 0.89-1.00 0.05
Surgery

No Reference Reference Reference Reference

Yes 0.47 0.43-0.52 HEE 0.47 0.43-0.51 HEK 0.55 0.50-0.60 HEE 0.54 0.49-0.60 A
Bone metastasis

No Reference Reference Reference

Yes 1.16 1.111.21 HEE 1.19 1.14-1.24 KEX 1.19 1.13-1.24 HEE 1.21 1.15-1.27 HEE
Liver metastasis

No Reference Reference Reference Reference

Yes 1.48 1.41-1.55 ki 1.49 1.41-1.57 ki 1.38 1.30-1.46 b 1.37 1.29-1.46 Kk
Lung metastasis

No Reference Reference Reference Reference

Yes 1.22 1.17-1.28 HEE 1.24 1.19-1.30 HEE 1.12 1.06-1.18 HEE 1.14 1.08-1.20 b

*P < 0.05, **P < 0.01, ***P < 0.001. LCBM, lung cancer brain metastases.
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Figure 2. ROC curve of the XGBoost models. ROC curve for the (A) 6-month prognostic model in training data; (B)
6-month prognostic model in test data; (C) 1-year prognostic model in training data; (D) 1-year prognostic model
in test data; (E) 2-year prognostic model in training data; (F) 2-year prognostic model in test data. ROC: Receiver
operating characteristic, AUC: the area under the curve.

9) the item of unmarried or domestic
partner unknown. Follow-up until pa-
tient death, loss to follow-up or
December 31, 2020.

Table 3. The AUC value of prognostic models constructed by
machine learning algorithms on test data

6-month survival ~ 1-year survival  2-year survival

XGBoost 0.806 0.785 0.782
LR 0.777 0.761 0.765 . . .
ANN 0775 0.753 0.751 Construction and validation of ma-
) ) ) chine learning models
RSF 0.757 0.746 0.729
DT 0.695 0.716 0.511 Patients with LCBM were sorted into
KNN 0.647 0.611 0.627 two sets: a training set (n=8516)
SVM 0.714 0.593 0.526 and a test set (n=3651) at random in

AUC, the area under the curve; LR, logistic regression; XGBoost, extreme
gradient boosting; ANN, approximate nearest neighbor; RSF, random
survival forest; DT, decision tree; KNN, K-Nearest Neighbor; SVM, support

vector machine.

and 2-year OS in patients with LCBM.
Additionally, we further investigated the role of
primary lung tumor surgery in patients with
LCBM, and found that over 70 years old, black
people, squamous cell and large cell LC, Grade
IV, T4, N3, no radiation therapy and other dis-
tant metastases are the unfavorable prognos-
tic factor for primary lung tumor surgery in
patients with LCBM, which have never been
reported before. This work provides insight into
patients with LCBM and is useful for prognostic
forecast and clinical management.

Materials and methods
Data source and study design

The workflow for this study design and analysis
is illustrated in Figure 1. Data were obtained
from the SEER database for patients with LCBM
in this study [SEER research data, 17 Regs,
(changes 2010-2020); version 8.4.1]. Inclusion
criteria were as follows: 1) only LC; 2) brain
metastases; 3) age > 18 years; 4) all cancer
patients showed evidence of the histopatho-
logical and morphological from the International
Classification of Cancer Diseases, Third Re-
vision (ICD-0-3). Exclusion criteria were as fol-
lows: 1) patients with more than one primary
cancer; 2) patients whose survival time is
unknown; 3) patients with surgery code 99; 4)
sit of distant organ metastases is unknown; 5)
marital status is unknown; 6) race is unknown;
7) grade is unknown; 8) T or N stage is unknown;

5160

a 7:3 ratio. Statistically significant
characteristics by multivariable Cox
regression analyses in the training
set were included in our machine
learning models, including age, sex,
race, marital status, time from diagnosis to
treatment, pathological pattern, grade, Tand N
stage, therapy method of chemotherapy, radia-
tion and primary lung tumor surgery, distant
organ metastasis of bone, liver, and Lung, to
predict 6-month, 1- and 2-year overall survival
of patients with LCBM. A response variable for
survival information was obtained prior to
the initiation of the training programme, with 1
indicating survival and O indicating death. We
used 7 machine learning algorithms, such
as logistic regression (LR), extreme gradient
boosting (XGBoost), approximate nearest
neighbor (ANN), random survival forest (RSF),
decision tree (DT), K-Nearest Neighbor (KNN)
and support vector machine (SVM) to create
models and compared the area under the curve
(AUC) values of them, and found that XGBoost
models performed best. The main parameters
of the XGBoost models were shown in
Supplementary Table 1 and how to select these
hyperparameters for the XGBoost model was
illustrated in Supplementary Figure 1. Receiver
operating characteristic curve (ROC), calibra-
tion curve and decision curve analysis (DCA)
were used to confirm the high discrimination,
accuracy, and clinical applicability of the
XGBoost models.

External validation data

To further validate the XGBoost models, 32
patients’ data diagnosed with LCBM between

Am J Cancer Res 2024;14(11):5154-5177
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Figure 3. ROC curve of external validation data set. ROC curve for the (A) 6-month prognostic model; (B) 1-year prognostic model; (C) 2-year prognostic model in
external validation data set. ROC: Receiver operating characteristic, AUC: the area under the curve.
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A CC of 6-month prognostic model (training data) B CC of 6-month prognostic model (test data)
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December 2018 and December 2021 was col-
lected in the Second Affiliated Hospital of Xi'an
Jiaotong University. The exclusion criteria of
patient selection were as the same as it for
SEER data.
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Statistical analysis
Univariate and multivariate Cox regression

analyses were applied to evaluate the mortality
risk and independent prognostic factors.
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Figure 6. The important ranking of clinical characteristics in the XGBoost prognostic models. The important ranking of clinical characteristics (A) in the 6-month
prognostic model; (B) in the 1-year prognostic model; (C) in the 2-year prognostic model.
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Table 4. Comparison of patient features by surgery before and after propensity score matching (PSM)

Unmatched Cohort 1:1 propensity score matched (PSM) Cohort

Characteristics Surgery not given Surgery Unadjusted Surgery not given Surgery PSM-adjusted

N=11478 (%) N=689 (%) P value N=685 (%) N=685 (%) P value

Age HAE 0.87

<50 711 (6.19) 62 (9.00) 55 (8.03) 61 (8.91)
50-59 2710 (23.61) 197 (28.59) 201 (29.34) 195 (28.47)
60-69 4160 (36.24) 267 (38.75) 279 (40.73) 266 (38.83)

70-79 2916 (25.41) 140 (20.32) 128 (18.69) 140 (20.44)
>80 981 (8.55) 23 (3.34) 22(3.21) 23(3.36)

Sex 0.83 0.59
Female 5389 (46.95) 327 (47.46) 337 (49.20) 326 (47.59)

Male 6089 (53.05) 362 (52.54) 348 (50.80) 359 (52.41)

Race il 0.78
White 8824 (76.88) 569 (82.58) 561 (81.90) 565 (82.48)

Black 1412 (12.30) 66 (9.58) 63 (9.20) 66 (9.64)
Others 1242 (10.82) 54 (7.84) 61 (8.91) 54 (7.88)

Marriage status wx 0.72
Married 6185 (53.89) 412 (59.80) 413 (60.29) 409 (59.71)
Divorced/Separated 1687 (14.70) 91 (13.21) 78 (11.39) 91 (13.28)

Single 2168 (18.89) 130 (18.87) 132 (19.27) 129 (18.83)
Widowed 1438 (12.53) 56 (8.13) 62 (9.05) 56 (8.18)

Months from diagnosis to therapy FxK 0.96
0 month 4417 (38.48) 387 (56.17) 382 (55.77) 384 (56.06)
>1 month 5530 (48.18) 302 (43.83) 303 (44.23) 301 (43.94)

Pathological type wokx 0.36
Adenocarcinoma 6707 (58.43) 419 (60.81) 437 (63.80) 416 (60.73)
Squamous cell 1553 (13.53) 88 (12.77) 73(10.66) 88 (12.85)

Small cell 1164 (10.14) 25 (3.63) 33(4.82) 25 (3.65)
Large cell 227 (1.98) 30 (4.35) 22 (3.21) 30 (4.38)
Others 1827 (15.92) 127 (18.43) 120 (17.52) 126 (18.39)

Grade *k* 0.46
Grade | 388 (3.38) 26 (3.77) 35(5.11) 25 (3.65)

Grade Il 2522 (21.97) 215 (31.20) 204 (29.78) 214 (31.24)
Grade Il 7622 (66.41) 412 (59.80) 404 (58.98) 411 (60.00)
Grade IV 946 (8.24) 36 (5.22) 42 (6.13) 35(5.11)

T Stage HHE 0.84
T1 1099 (9.57) 127 (18.43) 111 (16.20) 123 (17.96)

T2 3162 (27.55) 270(39.19) 279 (40.73) 270 (39.42)
T3 2895 (25.22) 157 (22.79) 156 (22.77) 157 (22.92)
T4 4322 (37.65) 135(19.59) 139 (20.29) 135 (19.71)

N Stage Hhx 0.71
NO 2515(21.91) 330 (47.90) 326 (47.59) 326 (47.59)

N1 1068 (9.30) 114 (16.55) 112 (16.35) 114 (16.64)
N2 5491 (47.84) 203 (29.46) 214 (31.24) 203 (29.64)
N3 2404 (20.94) 42 (6.10) 33(4.82) 42 (6.13)

Chemotherapy *x 0.09
No/unknown 4983 (43.41) 263 (38.17) 230 (33.58) 261 (38.10)

Yes 6495 (56.59) 426 (61.83) 455 (66.42) 424 (61.90)

Radiotherapy * 0.55
No/unknown 2787 (24.28) 142 (20.61) 149 (21.75) 139 (20.29)

Yes 8691 (75.72) 547 (79.39) 536 (78.25) 546 (79.71)
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Bone metastasis wokx 1.00
No 7718 (67.24) 597 (86.65) 592 (86.42) 593 (86.57)
Yes 3760 (32.76) 92 (13.35) 93 (13.58) 92 (13.43)
Liver metastasis wkx 0.45
No 9537 (83.09) 653(94.78) 656 (95.77) 649 (94.74)
Yes 1941 (16.91) 36 (5.22) 29 (4.23) 36 (5.26)
Lung metastasis wkx 0.78
No 8465 (73.75) 623 (90.42) 623 (90.95) 619 (90.36)
Yes 3013 (26.25) 66 (9.58) 62 (9.05) 66 (9.64)
*P < 0.05, **P < 0.01, ***P < 0.001. PSM, propensity score matching.
A PSM-adjusted OS Surgery No ==Yes B PSM-adjusted LCSS Surgery No == Yes
1.004 1.004
> >
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= [ = (]
x N (95%C1:0.54-0.68) n Nk’ (95%C1:0.54-0.69)
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Figure 7. OS and LCSS of LCBM patients underwent primary lung tumor surgery or not after PSM adjustment. PSM
adjusted Kaplan-Meier (K-M) survival analysis: (A) OS of LCBM underwent primary lung tumor surgery or not; (B)
LCSS of LCBM underwent primary lung tumor surgery or not. PSM: propensity score matching, OS: overall survival,
LCSS: lung cancer specific survival, LCBM: lung cancer brain metastases.

Among the patients with LCBM who receiving
primary lung tumor surgery and those who did
not were paired on a 1:1 basis by propensity
score matching (PSM), using the variables iden-
tified in the univariate Cox regression analyses.
This approach helps to reduce confounding and
makes it easier to compare the effects of treat-
ment in different subgroups [22]. Kaplan-Meier
(K-M) curve analysis was then performed [23]
within the PSM-adjusted population, stratified
by all the independent prognostic factors of
patients with LCBM. In this study, all statistical
analyses were performed using R software
(version 4.1.3). Statistical significance was
defined as P < 0.05.

Ethics statement

Ethical review and approval were waived for
this study due to the fact that the data are fully
de-identified and no intervention on patients
was performed.
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Results
Clinical characteristics of patients with LCBM

Overall, data from 12167 patients with LCBM
were extracted from the SEER database (2010-
2020). Their clinicopathological features are
summarized in Table 1 and detailed below.
These patients aged 60-69 accounted for the
largest proportion (36.36%) of the total num-
ber of patients, while patients aged under 50
accounted for the smallest proportion, only
6.35%. The percentage of male patients
(53.02%) is slightly higher than the percentage
of female patients (46.98%). White patients are
the main population, accounting for 77.2% of
the total population, and 12.15% were of black
ethnicity. In terms of marital status, 54.2% of
the patients were married, while 18.89% were
single. Approximately 39.48% of the patients
began therapy immediately after diagnosis,
while 47.93% started therapy > 1 month follow-
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A PSM—adjusted OS Surgery
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were at stage NO, 9.71% were
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at stage N3. For treatment,
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chemotherapy, 75.93% under-
went radiotherapy, while nearly
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undergo primary lung tumor
surgery. The metastasis preva-
lence was represented as fol-
lows: bone metastases have
the highest rate of other dis-
tant organ metastases, accou-
nting for 31.66% of all patients,
followed by lung metastases
(25.31%) and liver metastases

(16.25%).
B PSM-adjusted LCSS Surgery —+ Yes
50— | 50-59 | 6069 | Univariable and multivariable
1.001 Cox regression analysis
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20751 - R
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T; pendent factors related with
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Figure 8. OS and LCSS of LCBM patients underwent primary lung tumor
surgery or not after PSM adjustment (Stratified by age). A: OS of LCBM pa-
tients with different age groups; B: LCSS of LCBM patients with different
age groups. PSM: propensity score matching, OS: overall survival, LCSS:
lung cancer specific survival, LCBM: lung cancer brain metastases.

ing diagnosis. Among the pathological types,
adenocarcinoma accounted for 58.57%, squa-
mous cell carcinoma for 13.49%, small cell
lung cancer for 9.77% and large cell carcinoma
for only 2.11%. Grade lll was the most common
(66.03%), while Grade | was the least prevalent
(3.40%). Staging classifications indicated that
10.08% were at the T1 stage, 28.21% at the T2
stage, 25.08% at the T3 stage, and 36.63% at
the T4 stage. Categorisation of nodal involve-

5167

LCSS. Months from diagnosis
to therapy, chemotherapy, ra-
diotherapy, primary lung tu-
mor surgery were all favorable
independent factors for pa-
tients with LCBM. C Compared
with whites, survival was not
different for blacks, but sur-
vival was better for other
races, such as American Indian or Alaska
Native, Asian, or Pacific Islander. In comparison
to marital status, being divorced or separa-
ted, single and widowed were all associated
with poorer OS, while being single did not
affect LCSS. For pathological type, compared
with adenocarcinoma, squamous cell, small
cell, large cell and other carcinoma were all
unfavorable independent factors for both OS
and LCSS.
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A PSM-adjusted  OS Surgery No = Yes data: AUC=0.782) (Figure 2A-

F). Compared with other

White Black Other machine learning algorithms,

21 LR (6-month: AUC=0.777; 1-

< s year: AUC=0.761; 2-year: AUC=
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Figure 9. OS and LCSS of LCBM patients underwent primary lung tumor
surgery or not after PSM adjustment (Stratified by race). A: OS of LCBM
patients with different races; B: LCSS of LCBM patients with different races.
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32 patients with LCBM at our
hospital (Supplementary Table
3). In this external, indepen-
dent data set, our XGBoost
models still had a good level of
robustness [6-month: AUC=

PSM: propensity score matching, OS: overall survival, LCSS: lung cancer 0.848 (Figure 3A); 1-year:

specific survival, LCBM: lung cancer brain metastases.

Constructing and assessing prognostic models
of patients with LCBM

Given the above, patients were randomly
assigned to training and test groups in a 7:3
ratio (Table 1) and the univariate and multivari-
ate Cox analyses were performed again in the
training data (Supplementary Table 2) to screen
model features, and finally fifteen independent
prognostic factors were selected as features of
the models. We used seven machine learning
algorithms to create prognostic models for
assessing the OS of patients with LCBM at 6
months, 1 and 2-year. And then ROC curves of
both training and test sets were plotted and
their AUCs were calculated to compare the dis-
crimination of these models.

Our XGBoost algorithm models manifested high
discrimination in the survival prediction of
patients with LCBM at 6-month (training data:
AUC=0.820; test data: AUC=0.806), at 1-year
(train data: AUC=0.806; test set: AUC=0.785),
at 2-year (training data: AUC=0.807; test
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AUC=0.701 (Figure 3B); 2-year:
AUC=0.810 (Figure 3C)].

Then, calibration curves of the training and
test data were used to assess the accuracy
of our XGBoost models (Figure 4A-F), the
predicted values of XGBoost models were
nearly in line with the observed values, indica-
ting that XGBoost models had excellent
accuracy. Meanwhile, decision curve analysis
(DCA) was conducted to evaluate the clinical
applicability of the models. The results showed
that XGBoost models had a wide threshold
probability range and well net benefit in predict-
ing 6-month, 1-year and 2-year OS for LCBM
(Figure 5A-F). Overall, the performance of our
models was good.

In addition, we rated how prominent the clinical
features were in the models. The results
showed that the top 5 factors affecting progno-
sis were chemotherapy, pathological type, sur-
gery, T stage and age (Figure 6A-C). Among
these, chemotherapy was the most important
factor in all three prognostic models (Figure
6A-C).
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both OS (Figure 7A) and LCSS
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Figure 10. OS and LCSS of LCBM patients underwent primary lung tumor
surgery or not after PSM adjustment (Stratified by grade). A: OS of LCBM pa-
tients with different grades; B: LCSS of LCBM patients with different grades.
PSM: propensity score matching, OS: overall survival, LCSS: lung cancer
specific survival, LCBM: lung cancer brain metastases.

Factors affecting the benefit of primary lung
tumor surgery for patients with LCBM

Unexpectedly, primary lung tumor surgery was
an independent prognostic factor for patients
with LCBM in our multivariable Cox regression
analysis (Table 2). Usually, this surgery is not
recommended for LC patients with distant

5169

(Figure 9A and 9B). In terms
of pathological characteristics,
there was no difference in pro-
gnosis between the surgery
and no surgery groups for pa-
tients with grade IV (Figure
10A and 10B), stage T4 (Figure
11A and 11B), stage N3 (Fi-
gure 12A and 12B), other dis-
tant organ metastases (Figure 13A and 13B),
squamous cell carcinoma or large cell carcino-
ma (Figure 14A and 14B). In addition, it’s very
interesting that only patients who have received
radiotherapy can benefit from the surgery
(Figure 15A and 15B). Other influencing factors
were also analyzed, but they could not change
the benefit of the surgery (data not show).

100 125
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Figure 11. OS and LCSS of LCBM patients underwent primary lung tumor
surgery or not after PSM adjustment (Stratified by T stage). A: OS of LCBM
patients with different T stages; B: LCSS of LCBM patients with different T
stages. PSM: propensity score matching, OS: overall survival, LCSS: lung
cancer specific survival, LCBM: lung cancer brain metastases.

there has been a lot of prog-
ress in the treatment of lung
cancer, the curative effect of
BM is still limited. Thus, for
these patients with LCBM and
their families, survival time is
their prime concern, we need
prognostic prediction models
to help them solve this issue.
Unfortunately, accurate predic-
tive models are lacking in the
clinic. Using the SEER data-
base, previous studies have
built several nomograms to
predict the prognosis of pa-
tients with LCBM, however, the
accuracy rates of these mod-
els are all less than 70% [14-
17] and these models can only
work for some special condi-
tions. There is no model which
can be applied widely and
accurately to predict 0OS of
LCBM. To address this gap, we
created several models by
machine learning algorithms to
predict 6-month, 1- and 2-year
0OS of patients with LCBM. To
the best of our knowledge, the
current study is the most up-
to-date and largest dataset
analysing the clinical charac-
teristics and prognosis of
patients with LCBM, and it is
also the first one to create Al
prognostic models with the
highest accuracy for patients
with LCBM. In addition, our
XGBoost models performed
well in an externally indepen-
dent dataset, demonstrating
their high clinical utility.

For the XGBoost machine
learning algorithm, there are
some fundamentals and bene-

Discussion

The common metastasis sites of LC include the
central nervous system, bone, liver, lung and
adrenal gland [24, 25]. BM is not only the most
common site of metastasis, but also the dis-
ease with the greatest impact on patients’
prognosis and quality of life [26]. Although
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fits. Firstly, a decision tree is a tree structure
similar to a flowchart, where the branch nodes
represent a test on a feature, a classification
based on the results of the test, and the leaf
nodes represent a category. The principle of
XGBoost is to add trees to a decision tree to
reduce the difference (i.e. the loss function)
between the predicted and actual results. For
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Figure 12. OS and LCSS of LCBM patients underwent primar

surgery or not after PSM adjustment (Stratified by N stage). A:
patients with different N stages; B: LCSS of LCBM patients with different N
stages. PSM: propensity score matching, OS: overall survival, LCSS: lung

cancer specific survival, LCBM: lung cancer brain metastases.

example, given a dataset with a number of
cases, each case has m-dimensional features.
By training the dataset, we obtain n trees. The
cumulative value of these n trees is our predict-
ed value. The accuracy of the algorithm increas-
es as we add a tree to the n-1 trees to become
n trees. But at the same time, if a tree reduces
the loss function to a very low level, then there
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most, and the trend was simi-
lar that older age had a worse

y lung tumor prognosis.

OS of LCBM

In this cohort, the white peo-
ple, black people and other
people account for 77.20%,
12.15% and 10.65%, respec-
tively, and most of other people are Asian or
Pacific Islander. Compared with the white peo-
ple, other people is a favorable independent
prognostic factor for patients with LCBM, but
we don’t know how many people are Asian in
the other people exactly, due to the demo-
graphic composition of the SEER database.
Considering potential ethnic and genetic varia-
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Figure 13. OS and LCSS of LCBM patients underwent primary lung tumor surgery or not after PSM adjustment (Stratified by distant organ metastases). A: 0S of
LCBM patients with different other distant organ metastases; B: LCSS of LCBM patients with different other distant organ metastases. PSM: propensity score match-
ing, OS: overall survival, LCSS: lung cancer specific survival, LCBM: lung cancer brain metastases.
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0.50 1
0.251

0.00 1

Survival Probability

0 25 50 75 100 1250 25 50 75 100 125

Survival Time (months)

P=0.013

receive practical support from
their spouse (e.g. help with
transport, paperwork, house-
work) to enable them to con-
centrate fully on their treat-
ment. Importantly, a partner
can provide emotional support,

1

25 50 75 100 125

which can reduce the stress of
cancer treatment [27]. The
effect of partner social support
may be physiologically mediat-
ed through neuroendocrine,
nervous and immune interac-
tions directly related to cancer
[28]. The divorced, separated
or widowed patients may
desire for husband’s help, but

B PSM—adjusted LCSS Surgery
Adenocarcinoma Squamous cell | |
1.001
0.751 %
P <0.0001 P=0.68
5, 0.501 &
x
Z 025
3 oy
© 0.001
& Large cell | | Others
S 1.001
>
=
> 0.751
n
P=1 P <0.0001
0.50
0.251 1
0.00 1

0 25 50 75 100 1250 25 50 75 100 125

Survival Time (months)

Figure 14. OS and LCSS of LCBM patients underwent primary lung tumor
surgery or not after PSM adjustment (Stratified by pathological type). A: 0S
of LCBM patients with different pathological types; B: LCSS of LCBM pa-
tients with different pathological types. PSM: propensity score matching,
OS: overall survival, LCSS: lung cancer specific survival, LCBM: lung cancer

brain metastases.

tions in lung cancer prognosis, the applicability
of the findings to non-American populations,
especially Asian populations is uncertain. Most
studies found that married patients had a bet-
ter prognosis than unmarried patients [14, 15,
17], however, our study showed that the OS and
LCSS of married patients were similar to those
of single patients, and were better than those
of divorced, separated or widowed patients.
This is because these studies did not further
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-+ Yes
the broken marital relation-
Small cell | ships might have exacerba-
ted the patients’ psychological
trauma, leading to poorer prog-
£=0.0091 nosis. While single patients did

not have these mental injuries
and they also could get help
from their families, so the dif-

0 25 50 75 100 125

ferences in survival between
married and single patients
are small. In this study, we
investigated for the first time
the role of time from diagnosis
to treatment on prognosis of
patients with LCBM and found
that > 1 month from diagnosis
to therapy was a favorable
independent prognostic factor.
This does not mean that the
later treatment is better, but
it may be that waiting for
more comprehensive examina-
tion and possible clinical trials
will benefit for these patients.

For the treatment, we know that systematic
treatment can improve the prognosis of
patients with LCBM [25, 26, 29, 30], however,
to our surprise, we found that in addition to che-
motherapy and radiotherapy, primary lung
tumor surgery was also an independent prog-
nostic factor, which is usually not recommend-
ed for stage IV patients [25, 31, 32]. Some
studies indicated that for some oligometastatic
LC (resectable NO, 1 primary), the surgery for
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Figure 15. OS and LCSS of LCBM patients underwent primary lung tumor
surgery or not after PSM adjustment (Stratified by radiotherapy). A: OS of
LCBM patients with radiotherapy or not; B: LCSS of LCBM patients with ra-
diotherapy or not radiotherapy. PSM: propensity score matching, OS: overall
survival, LCSS: lung cancer specific survival, LCBM: lung cancer brain me-

cell carcinoma and no radia-
tion were all unfavorable fac-
tors of primary lung tumor
surgery for the prognosis of
patients with LCBM. Of course,
we need further clinical trials
to confirm these results, but
our study provides a lot of
data reference for future treat-
ment management and clinical
trials.

Despite its promising findings,
our study has some limitations.
Firstly, SEER data may be a
good representation of the
general situation, but due to
ethnic differences, it may not
always be the case for Asians,
particularly Chinese. Secondly,
this is a retrospective study,
there may be selection bias
during the screening of pa-
tients and PSM. Thirdly, some
detailed treatment information
is not available from the
SEER database, such as tar-
geted drugs, chemotherapeu-
tic drugs, immunotherapy and
radiotherapy site, especially
EGFR/ALK mutation informa-
tion, which are also important
variables for patients with
LCBM, these unavailable vari-
ables may introduce biases.
Fourthly, all these patients are

tastases.

primary lung tumor and surgery or radiosurgical
treatment for synchronous brain metastases
might prolonged the prognosis [33-36]. This
may explain only 5.66% patients with LCBM
received primary lung tumor in our cohort, but
there is no data about the number of brain
metastases in the SEER database and there
were still some patients with multiple organ
metastases underwent primary lung surgery.
Thus, we further conducted stratified analyses
to investigate the factors affecting therapeutic
effect of the primary lung tumor surgery in
patients with LCBM, which were never report-
ed. We found that age > 70 years old, blacks,
grade 1V, stage T4, N3, other distant organ
metastases, squamous cell carcinoma, large
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de novo LCBM, we can not

get the data of patients who
later developed brain metastases after being
diagnosed with LC from SEER database. Fifthly,
our study includes external validation using
a small sample from a single hospital, the
robustness of the models would benefit from
further validation using larger, more diverse
datasets, potentially from multiple institutions
or regions.

In the future, the models that constantly inte-
grate real-time data and continue to adjust and
optimize themselves will enhance their accura-
cy and applicability. Meanwhile, prospective
studies about the surgery on primary lesion for
the prognosis of LCBM need to confirm the
findings.
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Conclusions

We extensively investigated the clinical charac-
teristics and prognosis of patients with LCBM
and created some machine learning models
to predict their 6 month, 1-year and 2-year OS.
Compared to traditional nomograms, these
machine learning models offer more accurate
predictions for patients and doctors. Further-
more, our in-depth stratified analysis showed
that age > 70 years old, blacks, grade 1V, stage
T4, N3, other distant organ metastases, squa-
mous cell carcinoma, large cell carcinoma and
no radiation were all unfavorable factors of pri-
mary lung tumor surgery for the prognosis of
patients with LCBM.
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Supplementary Table 1. Main parameters of the XGBoost model

Parameter Value
Gamma 1
Scale_pos_weight 1
Min_child_weight 5
Subsample 0.7
Alpha 1
Nround 20
Max_depth 5
Eta 0.1

gamma (0-10)

min_child_w
eight (1-100)

nrounds (10-
50)

subsample
(0.5-0.8)

alpha (0-100)

eta (0.001-0.3)

max_depth
(3-10)

The possible values for each parameter are ranked and com

“grid”

bined, and all possible combinations are listed to generate a

hyperparameter combination as the best choice

For each hyperparameter combination, train the model and use cross-validation to take the best performing

Supplementary Figure 1. The flowchart detailed the procedure for main hyperparameters selection of XGBoost
models. We used “GridSearch” ridSearch s.GBoost models.XGBoost models.dhyperparameters (including gamma,
alpha, max depth, nrounds, eta, min_child_weight, etc.). The possible values for each parameter are ranked and
combined, and all possible combinations are listed to generate a “grid”. For each hyperparameter combination, train
the model and use cross-validation to take the best performing hyperparameter combination as the best choice.
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Supplementary Table 2. Univariate and multivariate Cox analysis of LCBM characteristics extracted
from training data

0S
Univariate Cox analysis Multivariate Cox analysis
HR 95% CI P Value HR 95% Cl P Value

Age

<50 Reference Reference

50-59 1.33 1.20-1.47 B 1.21 1.08-1.35 e

60-69 1.50 1.36-1.66 Hhx 1.33 1.19-1.47 e

70-79 1.88 1.69-2.08 wkx 1.61 1.44-1.80 Hkx

>80 2.41 2.14-2.73 wkx 1.68 1.47-1.93 wkx
Sex

Female Reference Reference

Male 1.29 1.23-1.34 ld 1.23 1.17-1.30 bl
Race

White Reference Reference

Black 1.07 0.99-1.14 0.07 1.00 0.93-1.09 0.89

Others 0.68 0.63-0.74 Hhx 0.71 0.65-0.77 Hkx
Marriage status

Married Reference Reference

Divorced/Separated 1.28 1.20-1.37 i 1.24 1.15-1.33 it

Single 1.16 1.09-1.23 wkk 1.07 1.00-1.14 0.07

Widowed 1.33 1.24-1.43 d 1.12 1.03-1.22 wx
Months from diagnosis to therapy

0 month Reference Reference

>1 month 0.82 0.78-0.86 Hhx 0.78 0.74-0.82 Hx
Pathological type

Adenocarcinoma Reference Reference

Squamous cell 1.71 1.60-1.83 ld 1.48 1.37-1.59 Hkk

Small cell 1.37 1.27-1.48 Hkk 1.31 1.18-1.46 ld

Large cell 1.29 1.11-1.51 wx 1.38 1.17-1.64 kd

Others 1.50 1.41-1.59 d 1.30 1.21-1.40 kA
Grade

Grade | Reference Reference

Grade Il 1.06 0.92-1.21 0.42 1.14 0.98-1.31 0.08

Grade llI 1.42 1.24-1.61 wkx 1.36 1.18-1.56 wkx

Grade IV 1.52 1.31-1.76 kK 1.39 1.17-1.65 kK
T Stage

T1 Reference Reference

T2 1.31 1.20-1.42 ld 1.34 1.23-1.47 ald

T3 1.53 1.41-1.67 ok 1.50 1.37-1.65 e

T4 1.57 1.45-1.71 Hhx 1.50 1.37-1.65 Hx
N Stage

NO Reference Reference

N1 1.06 0.97-1.16 0.18 1.05 0.95-1.15 0.36

N2 1.19 1.12-1.26 kK 1.15 1.08-1.23 Hkk

N3 1.23 1.14-1.31 wkk 1.18 1.09-1.28 ok x
Chemotherapy

No/unknown Reference Reference

Yes 0.36 0.34-0.38 Hhx 0.39 0.37-0.41 i



Machine learning-based prognostic models of lung cancer brain metastases

Radiotherapy
No/unknown
Yes

Surgery
No
Yes

Bone metastasis
No
Yes

Liver metastasis
No
Yes

Lung metastasis
No
Yes

Reference
0.59

Reference
0.48

Reference
1.14

Reference
1.46

Reference
1.24

0.56-0.62

0.43-0.53

1.09-1.20

1.37-1.55

1.17-1.3

* KKk

*k*

*k*

*k Kk

*k*

Reference
0.92

Reference
0.54

Reference
1.20

Reference
1.34

Reference
1.13

0.86-0.99

0.48-0.60

1.13-1.27

1.25-1.44

1.06-1.20

*k*x

*k*

* k%

*k*

*P <0.05, **P < 0.01, ***P < 0.001.
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Supplementary Table 3. Relevant characteristics of LCBM patients included from our hospital for XGBoost models external validation

. . - . 6-month 1l-year 2-year
Age Sex Marital Race Months Pathological Grade T N Surgery Radiation Chemotherapy Bone Liver Lung status st;/tus st;tus
53 1 1 3 1 1 NA NA 3 0 0 1 0 0 0 1 0 0
62 1 1 3 1 NA NA NA 3 0 0 1 1 1 1 0 0 0
56 2 1 3 1 3 NA NA 3 1 0 1 0 0 0 1 1 0
69 2 1 3 1 1 NA 1 3 0 0 1 1 0 0 1 0 0
60 2 1 3 1 1 2 NA NA 1 1 1 0 0 0 1 1 1
44 2 1 3 1 3 NA NA NA 0 1 0 0 0 0 0 0 0
63 2 1 3 1 2 NA 1 3 0 1 1 0 0 0 1 0 0
58 2 1 3 1 1 NA NA NA 0 1 1 0 0 0 1 0 0
61 2 1 3 1 NA NA NA 3 0 0 0 1 0 1 0 0 0
56 2 1 3 1 1 NA NA 1 1 0 1 0 0 0 1 1 0
61 2 1 3 1 3 NA NA 3 0 0 1 0 1 0 1 0 0
47 2 1 3 1 NA NA NA NA 0 0 1 0 1 1 0 0 0
44 2 1 3 1 2 NA 4 3 0 0 0 0 0 1 0 0 0
45 1 1 3 1 3 NA NA 3 0 1 1 0 0 0 1 0 0
72 2 1 3 1 NA NA 3 NA 1 1 1 0 0 0 1 0 0
59 1 1 3 1 1 NA 4 NA 0 0 1 0 0 0 0 0 0
66 2 1 3 1 1 NA NA 3 0 0 0 0 0 0 0 0 0
42 1 1 3 1 1 NA 1 3 0 0 1 0 0 0 0 0 0
7% 1 4 3 1 1 3 NA NA 0 1 0 0 0 0 0 0 0
62 2 1 3 1 2 NA 2 NA 0 1 1 1 0 1 0 0 0
54 2 1 3 1 5 1 NA 3 0 0 1 0 0 1 1 0 0
60 2 1 3 1 1 NA 4 0 0 0 1 1 1 1 0 0 0
55 1 1 3 1 1 NA NA 1 1 1 1 1 0 0 1 1 1
69 2 1 3 1 5 NA NA NA 1 0 1 1 0 0 1 0 0
61 2 1 3 1 1 NA NA O 1 1 1 1 0 0 1 1 1
54 2 1 3 1 5 3 NA O 1 0 0 0 0 0 0 0 0
7722 2 1 3 1 2 3 NA NA 0 0 0 0 0 0 0 0 0
56 2 1 3 2 2 NA NA NA 0 0 1 0 0 0 1 1 0
73 2 1 3 1 NA NA NA NA 1 1 1 1 0 0 1 0 0
64 2 1 3 1 3 NA NA NA 1 0 1 0 0 0 1 0 0
52 2 1 3 1 3 NA NA NA 0 0 1 0 0 0 1 1 0
49 2 1 3 1 3 NA NA NA 0 0 1 0 0 0 1 1 0




