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Abstract

In recent years, the integration of predictive models into clinical practice has gained momentum,
revolutionizing patient care in oncology. This study employs a machine learning perspective to
investigate the 5-year and long-term overall survival (0S) as well as cancer-specific survival (CSS)
in patients with non-metastatic pancreatic cancer. The aim is to discern disparities and reliability
among integrated, linear, and survival tree models. Methods: Utilizing machine learning tech-
niques, we constructed models using essential patient data. Seven commonly employed models in
retrospective clinical analysis were selected for comparison, evaluating their discriminative pow-
er and accuracy for continuous and categorical variables within and between different cancer
types. Two outcome measures were considered: 5-year OS and full-data CSS. Model performance
was assessed using the Concordance index (C-index), Brier score, calibration curve, and Net Rec-
lassification Index (NRI). Results: From 2000 to 2018, a total of 6019 pathologically confirmed
pancreatic head, body, and tail cancer patients were collected. Following rigorous screening, 3675
patients were included in the study. The models exhibited slightly superior accuracy in predicting
CSS compared to 0S. Notably, Gradient Boosting Survival Analysis (GBSA) outperformed other
models in predicting CSS for both continuous (C-index: 0.753, 95% CI: 0.741~0.765) and categori-
cal variables (0.743, 0.735~0.751) across different variable types and survival periods. The NRI
analysis revealed notable enhancements in predictive power when employing Cox proportional
hazards (CoxPH) Survival Analysis for continuous variables in both 0S (30.5% improvement) and
CSS (26.8% improvement) compared to categorical variables. Scatter plots of NRI highlighted var-
iations in prediction capability among models. Conclusion: Among the models scrutinized, GBSA
exhibited the highest predictive power and discrimination. Additionally, the predictive capacity of
multivariate models may be further enhanced with the refinement of clinical indicators. The inte-
gration of machine learning-based preclinical models holds promise for delivering more precise
personalized treatments for cancer patients in the future.
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6019 patients from the SEER
database (pancreatic head, body, tail)

»
>

2237 Pathological grade unknown

A

No distant metastasis occurred in
3782

71 missing stage group
v

No regional lymph node metastasis

occurred in 3711 patients
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36 patients with missing information
on survival outcomes

3675 are included in this article

Figure 1. Data screening flow chart
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Table 1. Basic information

=1 EXER
N =3675
PR 63.7 %
RS
<60 % 1197 (32.6%)
>60 % 2478 (67.4%)
e
g qis 1855 (50.5%)
Eitis 1820 (49.5%)
e
PN 2844 (77.4%)
BA 434 (11.8%)
YN B 22 N /BT bz i n - 2 ROk 16 (0.4%)
WMNBR TS R 360 (9.8%)
E N 21 (0.6%)
JE R EB AL
Jij Sk g 2298 (62.5%)
JoAA g8 553 (15.1%)
Jik e s 824 (22.4%)
R EL A 2]
Grade I 1243 (33.8%)
Grade IT 1443 (39.3%)
Grade 11 928 (25.3%)
Grade [V 61 (16.6%)
15 PR 73 3
IA 720 (19.6%)
1B 827 (22.5%)
A 1746 (47.5%)
111 382 (10.4%)
T 53
T1 720 (19.6%)
T2 827 (22.5%)
T3 1746 (47.5%)
T4 382 (10.4%)
it g A A7 3
5 SEAEAE 1619 (44.1%)
AT 1539 (41.9%)
B g e S AR A3
S AL 1801 (49.0%)
B 1743 (47.4%)
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Table 2. Comparison of discriminative power between survival models based on OS with full data from categorical variable

cohorts

2. RIBTBEEFALXTENIET A FHNEFRENX S EENELR

& A A

—HHEFREL(95% CT)

Brier 43 $0(95% CI)

Gradient Boosting Survival Analysis
Cox PH Survival Analysis
Cox net Survival Analysis

Component wise Gradient Boosting Survival Analysis

0.733 (0.726~0.739)
0.726 (0.719~0.732)
0.725 (0.719~0.731)
0.723 (0.716~0.729)

0.163 (0.045~0.281)
0.177 (0.038~0.316)
0.174 (0.036~0.312)
0.190 (0.101~0.280)

Tier-based models

Random Survival Forest
Survival Trees

Extra Survival Trees

0.723 (0.715~0.732)
0.718 (0.709~0.728)
0.724 (0.717~0.731)

0.161 (0.041~0.281)
0.160 (0.042~0.279)
0.158 (0.040~0.276)

Table 3. Comparison of discriminative power between survival models based on CSS in the full data cohort of categorical
variables

3. PEBELRENIIPETREFFEEFINEFEREZ B X S EENLE

A B

—HHEFRE(95% CT)

Brier 73-%1(95% CI)

Gradient Boosting Survival Analysis
Cox PH Survival Analysis
Cox net Survival Analysis

Component wise Gradient Boosting Survival Analysis

0.743 (0.735~0.751)
0.736 (0.727~0.745)
0.736 (0.727~0.746)
0.731 (0.721~0.741)

0.162 (0.026~0.297)
0.175 (0.012~0.338)
0.171 (0.005~0.338)
0.192 (0.090~0.293)

Tier-based models
Random Survival Forest
Survival Trees

Extra Survival Trees

0.735 (0.722~0.747)
0.731 (0.718~0.743)
0.736 (0.725~0.747)

0.156 (0.022~0.291)
0.161 (0.028~0.293)
0.152 (0.020~0.285)

Table 4. Comparison of discriminative power between survival models based on CSS for full data from cohorts of conti-

nuous variables

* 4. RIBESETENIINTBEEE T REFFEEFRNEFEENX RN

EZa - bt

—HHEREE(95% CI)

Brier 43 %(95% CI)

Gradient Boosting Survival Analysis
Cox PH Survival Analysis
Cox net Survival Analysis

Component wise Gradient Boosting Survival Analysis

0.753 (0.741~0.765)
0.747 (0.738~0.757)
0.747 (0.738~0.756)
0.728 (0.719~0.736)

0.142 (0.013~0.271)
0.166 (—0.006~0.339)
0.160 (~0.016~0.337)
0.192 (0.091~0.294)

Tier-based models

Random Survival Forest
Survival Trees

Extra Survival Trees

0.737 (0.730~0.745)
0.705 (0.686~0.723)
0.746 (0.737~0.754)

0.168 (—0.023~0.361)
0.208 (—0.008~0.426)
0.160 (—0.006~0.326)
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Table 5. Comparison of discriminative power between survival models based on overall survival with full data from cohorts

of continuous variables

5. RIBESTENIINTEBEEE T A FHNEFRENX S EENR

3 B

—EPEFRE(95% CI)

Brier 73-41(95% CI)

Gradient Boosting Survival Analysis
Cox PH Survival Analysis
Cox net Survival Analysis

Component wise Gradient Boosting Survival Analysis

0.743 (0.729~0.757)
0.738 (0.730~0.746)
0.738 (0.730~0.746)

0.717 (0.711~0.723)

0.146 (0.027~0.265)
0.166 (0.017~0.315)
0.161 (0.012~0.310)

0.190 (0.099~0.281)

Tier-based models

Random Survival Forest

Survival Trees

Extra Survival Trees

0.727 (0.717~0.737)
0.697 (0.679~0.715)

0.735 (0.726~0.744)

0.164 (—0.005~0.334)

0.189 (—0.004~0.383)

0.157 (0.008~0.306)

A Calibration Curve
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0.6 0.8

Predicted Probability

1.0

Figure 2. Calibration curves for the seven different models, namely the categorical numerical model for OS (A), the cate-
gorical numerical model for CSS (B), the continuous numerical model for OS (C), and the continuous numerical model for

CSS (D)
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Table 6. Based on the CoxPH model, the predictive ability of continuous variables is calculated compared with the model
constructed by categorical variables

6. BT CoxPH RE, HHESZTESETHXTEMRIERBELHITUNEE

SAELERI-NRI (95 Cl1%) S RE R 5 P AE A7 HH-NRT (95% CT)
SERAEEH 0.305 (0.215~0.388) 0.268 (0.185~0.333)
AR B A AT 0.313 (0.168~0.437) 0.263 (0.122~0.339)
A B
1.0- i 1.01
- Case 2 Case
0.8- 0.8
= Control = Control
% 0.6- - Censored % 0.67 - Censored
S €
% &
z 04- z 04
0.2- 0.2
0.0 o 0.0
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 04 0.6 0.8 10
Standard model Standard model
C D
1.0 1.0
Case - Case
0.8 0.8
> Control > Control
% 0.61 - Censored g 0.6 | - Censored
S €
3 04 3 04
z - =z Y
0.2 g 0.2
pe.
el -
00~ 00—
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Standard model Standard model

Figure 3. Scatter plot of NRI correlation in the CoxPH model with different types of variables, where the OS model and CSS
model with categorical values are (A) and (B), respectively, and the OS and CSS models with continuous values are (C) and
D)

3. EARFIETER CoxPH REH, NRIBXMEERE, HhAEBSHEMER OS REF CSS RESFH(A)F
(B), MEBELAER OS HEFI CSS RELS 5 A(C)F(D)

4. g

TEASPHT A, FRATFF M SEER HUHR Fe 575 6 HE 1) S8 3% Sr A ZRBEAL, LLSGAIEING A rh 5 PR O,
S i HA— 2R AR AR B0 0 X 43 RO Rl 0K 07k A /ML F R DR AIE o 26 FF R TR 92 2
o TRV IR D AT T B AT 5 SOk A AR 2 O R R AL T2 D KRR 2 6 (AR oL P A
S, T S0 B RHE T A LIS S BN T BR8], BRL, FRATA BIRR A THLE S E £
ENEELIHE B 20

e, HLEE ST SN TS . AR EUE A TN TR 9] [10]. 751 PR B8 Hoks
MBI T, 6T HLER ST R BT . B AT AT DR S — 6 6 T MR IT 3R . %R 5T
i THRAITI S0 LA FARYIBR IO B . BRSO TRRRELS B, T8RS
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logistic B JH 777 FUMAMA S K IR R [ 1], SUbIRI, A8 2 =)t 78 5 25 g A 5 10 48 JE 7 T R
#TAER5][12].

— MR, B AR R (AR A R) 52 B R EAE L R EREE . B2 IR YT A IRRE R o
AR, XA EEREARE, WERAETRI[13]. T REHRMEIETT BRI E S 25,
FAT AR OIS BRI RIEEE, RAEH T EFE RSN R R0 S I SRR
ks, JERERBA BB Z B ZES . ETXNTER, BRI T U R&5 8 —
SEiEYE . BEAE D S A FIAEREE (3N, K2 BB IX ) AR 3 T o Zoui U T2 T 2 kW
FEAY s TR R SE B 5 FH 9 CoxPH. RIS, SR v] LASR S AL I TN 66 10, AT 20 28 4E

EAGTH, GBSA R T HRAAERICR, ER—MHEEZ AR AAE 7 25 s (1 2 TR .
FEIXAMER o, SR ANRE AR — AL AR B, W] DU R AN [ R A B SR 7R OO AR A 23 B 45 SR ) TR
IS 25 G A RHE, 12 AT DL AE 45 € I 18] 9 R AE IR . GBSA 2 — M ESH A, AFRE
TR ABEAE A I A B X XU L9 R i 2 A 52 ([ 14]. 5 CoxPH AR B HAIALL, GBSA X%
P B R A T RE, (BRI R ATRE U A B . Ik, 7R B SO LA T R AR I B[ 15]

RSF 2 —NMETERGMIEA, 256 T BLRMAIELZ M 00, FRIREAME L XU L] 2 e e
fI[16]. ML R, RSF 52 Jois R LE 00 B8 /A1 X 3 B J7 T ) B4 22 S F AN 2 . R 4IiE, RSF
AT A R e B AR S UG B AL R TR GE S1[16]0 FEVFZAB0LT, 22 oM EL 3 T J2 YR &5 #4) O AE 70 o ks
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