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[Abstract] In medical follow-up studies, there is often an intrinsic association between longitudinal
observations (e.g., repeatedly measured biomarkers or symptom scores) and time-to-event data (e.g.,
disease progression or mortality ). Traditional approaches that analyze these two data types independently
may lead to biased statistical inference, as they neglect this inherent association and measurement errors.
Joint models (JMs) address this limitation by linking longitudinal and survival sub-models through shared
random effects, thereby correcting measurement errors in repeated measurements and improving estimation
efficiency and statistical power. While traditional frequentist approaches are feasible in simple scenarios,
they face computational and theoretical challenges when handling high-dimensional, nonlinear, or complex
missing data mechanisms. In contrast, Bayesian JMs leverage Markov chain Monte Carlo (MCMC)
methods, incorporating prior distributions and posterior sampling techniques to enhance robustness in
parameter estimation, model flexibility, and dynamic prediction performance. This article introduces the
methodological framework of Bayesian joint models, including: (1) Specification of longitudinal sub-
models (e.g., linear mixed-effects models) and survival sub-models (e.g., Cox proportional hazards
models) ; (2) Three common association structures (current value, current slope, and cumulative area) ;
(3) Bayesian parameter estimation via MCMC; (4) Personalized dynamic prediction and model
performance evaluation. Using primary biliary cirrhosis (PBC) as a case study, we demonstrate the practical
application of Bayesian JMs, ranging from the selection of predictive indicators, fitting and comparison of
single/multi-indicator JMs to the predictive performance using time-dependent ROC curves. The case study
indicates that Bayesian JMs can effectively integrate longitudinal trajectory information, dynamically update
individual survival probabilities, and provide quantitative support for clinical decision-making.
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Tab 1 Baseline characteristics of the study population

in the PBC2 [n(%)]
Cases 143 (45.8) 169 (54.2)
Age (Mean + SD) 48.4+9.8 51.4+11.0 0.012
Sex 0.001
Male 7 (4.9) 29 (17.2)
Female 136 (95.1) 140 (82.8)
Drug 0.636
D-penicillamine 75 (52.4) 83 (49.1)
placebo 68 (47.6) 86 (50.9)
Ascites <0.001
Yes 1(0.7) 23 (13.6)
No 142 (99.3) 146 (86.4)
Hepatomegaly <<0.001
Yes 46 (32.2) 114 (67.5)
No 97 (67.8) 55 (32.5)
Spiders 0.001
Yes 27 (18.9) 63 (37.3)
No 116 (81.1) 106 (62.7)
Edema <0.001
No edema 124 (86.7) 123 (72.8)
Edema no diuretics 18 (12.6) 26 (15.4)
Edema despite diuretics 1(0.7) 20 (11.8)
Histologic stage <<0.001
1 15 (10.5) 1(0.6)
2 43 (30.1) 24 (14.2)
3 58 (40.6) 62 (36.7)
4 27 (18.9) 82 (48.5)
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Tab 2 Parameter estimates of the longitudinal submodel and survival submodel

Longitudinal Outcome [ log(serBilir) ]

(Intercept)

Ns(year, 2)1

Ns(year, 2)2

Drug

Ascites

Spiders

Edema no diuretics
Edema despite diuretics

Histologic stage

Survival Outcome

Sex

Drug

Ascites

Edema no diuretics
Edema despite diuretics
Hepatomegaly
Histologic stage
Value[ log(serBilir) |

0.391 (0.190, 0.592)
1.838 (1.530, 2.166)
1.709 (1.246, 2.226)
—-0.134 (=0.346, 0.077)
0.182 (0.112, 0.258)
0.132 (0.075, 0.189)
0.118 (0.057, 0.180)
0.193 (0.089, 0.297)
0.036 (—0.005, 0.079)

—-0.403 (—0.845, 0.060)
—-0.048 (—0.459, 0.364)
0.574 (=0.067, 1.186)
0.780 (0.280, 1.247)
0.940 (0.302, 1.544)
0.223 (—0.157, 0.596)
0.549 (0.311, 0.796)
1.357 (1.166, 1.566)

0.102 <0.001 -
0.163 <0.001 =
0.249 <0.001 -
0.107 0.211 -
0.037 <0.001 -
0.029 <0.001 -
0.031 <0.001 -
0.052 <0.001 -
0.022 0.084 =
0.227 0.080 0.668 (0.430, 1.062)
0.214 0.830 0.953 (0.632, 1.439)
0.320 0.075 1.775 (0.935, 3.274)
0.247 0.005 2.181 (1.324, 3.479)
0.317 0.003 2.561 (1.352, 4.685)
0.191 0.247 1.250 (0.854, 1.814)
0.126 <0.001 1.732 (1.365, 2.218)
0.101 <0.001 3.884 (3.208, 4.785)

Std.Dev: Standard deviation.
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Tab 3 Comparison of predictive performance among joint models with multiple longitudinal indicators and

single longitudinal indicators

log(serBilir) 0.866 0.846
log(serBilir) +prothrombin 0.864 0.841
log(serBilir) +prothrombin+albumin 0.858 0.839

0.818 0.821 0.847 0.840
0.815 0.817 0.848 0.837
0.820 0.819 0.854 0.838

AUC: Area under curve.
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Fig 3 Individual survival probability prediction of joint model
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