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Aim

Task:

Investigating the risk factors of HCC in patients
undergoing screening from 2009 to 2017 in the
South East of Scotland.

Research questions:

What is the risk of HCC development in populations
with different causes of liver disease?

Is the male/female gender bias in HCC development
stronger in some causes of liver disease?

How strong is the association between AFP levels
and the risk of HCC?

Can the observed AFP levels provide prediction on
survival probabilities?



The dataset
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The modelling approach

Cox proportional hazards model as survival function
estimator to estimate the survival probability over
time [2].

Linear mixed-effect model is used to fit and predict
the evolution of the biomarker over time for each
patient.

Combine both method to obtain a joint model which
can measure the association of the AFP measures
and the risk of HCC [3].



Univariate Cox regression

Prit < T* <t4dt| T*>t,w]
hi(t | wi) = lim
dt—0 dt
= ho(t)e? ™
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Table: Coefficient estimates of the Cox model

— Joint model

® Results

. E_es“'ts? beta  Hazard Ratio (95% CI)  p-value

« Conclsin Sex  -0.68 0.51 (0.37-0.69) 1.4e-05
Age 1.6 2 (3.7-7.1) 0

ALD 0.73 1.6-2.7) 2e-07

NAFLD 1.1 2.3-4.4) 7.7e-12

1(
2 (
HepB  -1.3 0. 27 (0.12-0.6) 0.0015
HepC  -0.18 0.83 (0.62-1.1) 0.24
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Multivariate Cox regression

Multivariate Cox

regression
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ALD,NAFLD and Hepatitis C suffering patients more
at risk of developing HCC.
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Multivariate Cox regression (continue)

Survival probabilities difference between male and
female

Sunival Probabilty

1.00 -
H
L;\h

— e
—
—

0.25 - group
—
0.00 -
o zooo 4000
Time (days)

Female survival outcome better than males.
Median survival rate of women between 1 to 3 years
greater than men.

Gender bias for HCC more pronounced in ALD,
NAFLD and Hepatitis C compared to Hepatitis B
and autoimmune diseases.
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Linear mixed-effects model

yi(t) = mi(t) + €i(t),
mj(t) = x" (¢)8 + 2" by,
b; ~ N(0, D), €i(t) ~ N(0,052),
where
xi(t) and 3 are the Fixed-effects part of the model

zi(t) and b; are the Random-effects part of the
model

B + b; describes individual response trajectories
Can obtain different average longitudinal evolution
per aetiology.

can accommodate the fact that patients have
different number of repeated measurements.



Joint model

The intuitive idea behind Joint models

The evolution of the biomarker over time,m;(t) is
described by the longitudinal model.

We can use the estimated evolutions in a Cox model.

e Data description

© Miethodae The two models are combined to estimate their joint
— Surviv mode distribution.

The longitudinal submodel
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e Conclusion yi(t) = mi(t) + €i(t),
m;i(t) = (Bo + bio) + (81 + bi1) Bu(t,3) + B2 Sex
+ B3 Agej + Ba ALD; + 5 NAFLD;
+ B¢ HepB; + 87 HepC;,
bi ~ N(0, D), €i(t) ~ N(0,5?),




e Data description

o Methodology

— Survival submodel
— Longitudinal
submodel
Joint model
® Results
® Results2
o Discussion

e Conclusion

Joint model (continue)

The survival submodel

m;(t)
hi(t | Mi(t), w;) = ho(t)e"’T""'Jral’”"(tH”d @ where

~Tw; = y1+72 Agei + 73 ALD; + 4 NAFLD;
+~5 HepB; + v6 HepC;

M;(t) is the longitudinal measurement history of the
biomarker.

a quantifies the strength of the association between
log(AFP) levels and risk of HCC.

w;,the different predictors at baseline.
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Joint model (continue)

The joint model distribution [4]

p(Ti, 05, yi) = /P()’i | bi){h(T; | b:)S(T; | bi)}p(bi) db;

S(.) denotes the survival function and p(.) the
density function.

estimation is done under the Bayesian approach
(MCMCQ)

posterior distribution

p(8,5) o [ [T plyi | Bi-0)p(Ti.5: | bi, 0)p(b; | 8)p(6)

i=1/=1



Learning and controls using GP

Learning and controls using GP

y =f(x1,x2,...,%p,
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S 5(.) denotes the survival function and p(.) the
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posterior distribution

p(6,b) o< [ [ o | bi-0)p(T.5; | bi, 6)p(b | 6)p(6)
i=1/=1




Joint model (continue)

Table: Coefficient estimates for the Cox survival submodel

Value Std.Err Std.Dev 2.5% 97.5% P

i) dlesgriien Sex —0.837 0.013 0.183 —1.188 —0.476 0

Methodology Age 0.095 0.002 0.007 0.080 0.106 0

S ALD 0.789 0.011 0.159 0.494 1.117 0
Sy—— NAFLD 0.533 0.013 0.198 0.136 0.922 0.001
el orel HepB 0.298 0.032 0.446 —0.603 1.126 0.510

s ] HepC 0.771 0.016 0.192 0.382 1.154 0

Reculte Assoct 1.930 0.005 0.094 1.747 2.111 0
AssoctE 0.252 0.079 3.102 —5.954 6.225 0.009

Results2 tauBs 66.612 8.017 71.051 3.522 259.697

Discussion

Conclusion

The intercept and slope of the biomarker trajectory
are highly associated with the risk of HCC.

one unit in log(AFP) increases the risk of HCC by
29%.




Dynamic Prediction
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Limitations and further work

Limitations

Informative censoring
mechanism: the
probability of a subject
being censored depends
on the failure process.

Proportional hazard
assumption:
explanatory variable
acts multiplicatively on
the hazard ratio (not
directly on the failure
time)

Further work

Multiple Longitudinal
Markers (e.g
platelet,DCP treatment,
etc ...)

Imputation of missing
data

correction for potential
selection bias due to
loss to follow up (e.g
inverse
probability-of-censoring
weighted estimation)



Conclusion

ALD,NAFLD and Hepatitis C suffering patients more
o Data description at risk of developing HCC.

o Methodology

e omadel median survival time 9.5 years vs 13 years for

~ oo "Other” category.
. R;u::m - gender bias in developing HCC more pronounced in
o Results2 ALD, NAFLD and Hepatitis C compared to other

o Discussion aeti0|0gies.

e Conclusion

The intercept and slope of the biomarker trajectory
are highly associated with the risk of HCC.
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