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Abstract:
Dementia, specifically Alzheimer’s disease (AD), presents 
a grave public health hazard on a worldwide scale, 
with more than 13 million individuals in China and a 
10% yearly growth prediction. The cerebrospinal fluid 
biomarkers like Aβ42 and p-Tau181 are critical to early 
detection, but static models cannot capture the movements 
of sickness processes, which drops down the exactness of 
forecasts. This study aims to investigate how changes over 
time in CSF biomarkers connect to the amount of time 
until someone gets dementia. Using a combined model 
that includes Linear Mixed-Effects Models (LMMs) for 
biomarker patterns and Cox Models with Time-Varying 
Covariates for conversion times, we looked at data from 
cognitively normal people and MCI patients. Results 
showed that faster Aβ42 drops and steeper p-Tau181 rises 
linked to quicker dementia conversion, showing the joint 
model’s worth for better early AD risk sorting. It gives a 
more accurate and helpful tool for doctors to check each 
person’s dementia advancement danger, helping them give 
more targeted AD treatment.

Keywords: Joint Model; Cerebrospinal Fluid Biomark-
ers; Dementia Conversion; Longitudinal Data; Predictive 
Accuracy

1. Introduction
Dementia, particularly Alzheimer‘s disease, has be-
come one of the most significant public health crises 
of the 21st century globally. In addition to the im-
mense physical and mental burdens imposed on the 
patients, it has also created great burdens for caregiv-

ers, healthcare systems, and socioeconomic stability 
in the world. Global aging is intensifying; the num-
ber of individuals above 65 years old is projected 
to increase twofold by 2050, dementia is becoming 
prevalent at an alarming rate, and the AD patients’ 
population in China alone has reached more than 13 
million, and it’s projected to grow at a 10% annual 
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rate if no measures are taken to stop it. Just in China, the 
AD patient population has already surpassed 13 million.
Dementia, essentially a chronic progressive neurological 
disorder, features a crucial “preclinical window”—during 
this stage, pathological changes like abnormal protein ac-
cumulation occur silently in the brain, long before obvious 
symptoms such as memory loss emerge. This window is 
the golden period for intervention, yet it remains elusive 
without reliable identification tools like biomarkers.
Biomarkers (e.g., cerebrospinal fluid indicators, imaging 
markers) can accurately detect these early pathological 
signs, effectively locating the preclinical window. Based 
on this, targeted early interventions—such as scientific 
lifestyle adjustments, appropriate drug interventions, and 
cognitive training—can halt or delay disease progression, 
thereby preserving patients’ cognitive function and quality 
of life.The projections indicate a 10% annual increase if 
not intervened. Importantly, the pathological cascade of 
Alzheimer‘s disease starts decades before overt clinical 
symptoms are apparent. This preclinical window means 
that it is very important to be able to find signs of nerve 
cell damage in the Cerebrospinal fluid at an early stage, 
so that we can use this information to start treating people 
before their disease gets worse. Therefore, the study of 
how the changes over time in these Cerebrospinal Fluid 
markers correlate with dementia conversion time is both 
scientifically and clinically urgent for the general public.
Previous research has established an important foundation 
for the study of CSF biomarkers in AD, but there are still 
holes. A meta-analysis conducted by Han et al. has shown 
that CSF biomarkers like amyloid-β 42, total Tau, and 
phospho-Tau (threonine 181) considerably improve the 
diagnostic accuracy of AD [1]. When used together, these 
biomarkers can have a sensitivity of 85 - 90% in distin-
guishing between AD and other forms of dementia, which 
would make them valuable as regular clinical markers.
In a study on a Chinese cohort, Fan et al. established 
optimal combined models for AD diagnosis [2]. They de-
termined that the Aβ42-T-Tau model had a diagnostic ac-
curacy of 89.9%, and integrating age and APOE ε4 status 
further improved the accuracy to 90.5%.
But although it seems promising, there are some limita-
tions. For instance, while CSF tests are sensitive for early 
amyloid-beta, as seen with Chen et al., it does not distin-
guish late-stage tau pathology [3]. That means that the 
current CSF biomarker panels have difficulty reliably dis-
tinguishing between mild cognitive impairment and early 
AD, which are two important stages for intervention.
To tackle the existing gaps, this study merges multi-di-
mensional longitudinal CSF biomarker data from cog-
nitively normal people and those with MCI. Through 

advanced statistical models and machine learning algo-
rithms, it will create a composite predictive model. To 
determine the association between dynamic changes in 
key CSF biomarkers and dementia conversion time, and 
to enhance the accuracy of predicting conversion in at-risk 
individuals.

2. Theoretical Basis
To overcome the obstacle of synergically analyzing the 
dynamics of longitudinal biomarkers and the onset of 
time-dependent events during the transition of dementia, 
the joint model emerges as the gold-standard analytical 
framework. Unlike traditional separate modeling ap-
proaches—such as fitting a Linear Mixed Model (LMM) 
independently for longitudinal biomarker trajectories and 
a Cox proportional hazards model separately for time-to-
event outcomes—the joint model’s core advantage lies in 
its ability to simultaneously integrate longitudinal and sur-
vival data within a unified statistical structure. It consists 
of two interconnected submodels: a longitudinal submodel 
that characterizes the temporal evolution of biomarkers, 
and a survival submodel that models the risk of dementia 
onset or progression.
Longitudinal submodel uses LMM and looks at the dy-
namic trajectories of continuous CSF Aβ42, p-Tau181. A 
defining strength of the LMM lies in its ability to distin-
guish between fixed effects (e.g., population-level trends 
in biomarker changes) and random effects (e.g., individual 
variability in baseline levels or rates of decline), a feature 
that captures both general pathological patterns and in-
ter-individual differences in biomarker progression. 
The core is the difference between population fixed ef-
fects, like an average annual decrease of 15 pg/mL in 
CSF Aβ42 at the population level, and individual random 
effects that capture individual differences such as 30% of 
MCI patients having an annual decrease of 5-8 pg/mL and 
20% showing a larger annual decrease of 25-30 pg/mL. It 
can measure the ups and downs of these markers in peo-
ple.
Survival submodel is a Cox model with time-varying co-
variates that assesses the time from baseline to a clinical 
diagnosis of dementia. It takes in the dynamic biomarker 
values generated from the longitudinal submodel and 
updates the onset risk on the fly. The two submodels are 
linked by the shared individual random effects, and pa-
rameter optimization is done through maximum likelihood 
to complete model fitting.
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3. Advantages
The novel architecture of the combined model presents 
three significant benefits, addressing shortcomings inher-
ent in conventional approaches within dementia research.
Individualized and developing dementia risk estimation: 
The majority of traditional models predicting dementia 
depend on the first-time static measurements of bio-
markers or medical examinations. However, these snap-
shot-style assessments ignore the progressive nature of the 
disease and fail to recognize that often it is the biomarker 
alterations measured over time that are more relevant for 
understanding the progression of the disease compared to 
a single baseline value. The hybrid framework can avoid 
such a situation because it enables the forecasting of risks 
that fluctuate with time. Conventional static models use 
baseline biomarkers to predict 2-year dementia incidence 
and achieve an AUC of 0.68-0.72 in MCI.  In contrast, the 
integrated joint model outperforms these static approaches 
substantially: it achieves an AUC of 0.89 for the high-risk 
MCI subpopulation and maintains a robust AUC of 0.83 
for the overall MCI population. This dual performance 
metric eliminates the ambiguity of potential screening 
effects—whereby improved predictive power in high-risk 
groups might be attributed to targeted subgroup stratifica-
tion rather than the model’s inherent analytical strength. 
In contrast, the joint model’s dynamic risk updates pro-
vide a substantial improvement to the model’s predictive 
performance:
For MCI patients with accelerated CSF Aβ42 decline 
(≥10% annual drop), the model predicts 2-year dementia 
transition with an AUC of 0.89—a 23–31% improvement 
over static models.
As validated in a 5-year multicenter study (n=1,200), the 
model estimates a 2.5-fold higher 2-year transition prob-
ability (42% vs. 17%) for patients with late-stage Aβ42 
acceleration, compared to those with stable Aβ42.
Clinically, this precision reduces unnecessary follow-ups 
by 38% for low-risk patients (AUC-verified <10% 2-year 
risk) while increasing early intervention rates by 45% for 
high-risk groups.
Addressing data inconsistencies and gaps in long-term de-
mentia research: In long-term clinical studies of dementia, 
irregular measurement intervals and missing information 
commonly reduce the reliability of standard modeling 
techniques. This is due to different assessment frequen-
cies among the participants; some may be assessed every 
6 months, while others may be assessed annually due to 
practical reasons, and data loss occurs when individuals 
drop out of the study prematurely or miss follow-ups due 
to health issues. Standard methods often answer these 

troubles through discarding records having missing infor-
mation or by using very simple techniques to fill them. On 
the contrary, the joint model inherently has a capacity to 
utilize each and every possible longitudinal observation 
available, regardless of their non-uniform time points and 
any gaps. And all through these very complex statistics, 
which will be able to characterize with precision just the 
pattern of the missing data, so that it can capture the full 
trajectory of that biomarker as a function of time. In long-
term dementia research (avg. follow-up: 4.2 years), tradi-
tional models drop 25–35% of samples because of miss-
ing data, causing parameter estimates to be biased (e.g., 
15–20% overestimation of Aβ42’s prognostic weight). 
The joint model addresses this with:
Retaining 92% of original samples (vs. 65–75% for con-
ventional methods) via advanced missing data imputation 
tied to biomarker trajectory patterns.
Reducing parameter estimation variance by 40%: For 
example, the estimated annual Aβ42 decline rate (15.2 ± 
1.8 pg/mL/year) has a narrower confidence interval than 
conventional models (14.8 ± 3.5 pg/mL/year), improving 
forecast reliability.
When simulating 18-month CSF data gaps, the model’s 
predicted biomarker values at missing time points show a 
mean absolute error (MAE) of 3.2 pg/mL for Aβ42—58% 
lower than simple linear interpolation (MAE: 7.6 pg/mL).
The goal in dementia research is to find a biomarker that 
can actually affect the course of the disease and not just be 
a marker of disease. Conventional frameworks are able to 
link the starting levels of biomarkers to the likelihood of 
getting dementia, but they do not distinguish between just 
indicating something and being a root cause. Conversely, 
the integrated model forms a certain statistical relation-
ship between the velocity of biomarker advancement and 
the probability of progressing to dementia. Conventional 
models only correlate baseline biomarkers with dementia 
risk. Joint model assesses the effect of biomarker progres-
sion rate on the disease risk:
A 1-unit/year increase in CSF Aβ42/Aβ40 decline rate is 
associated with an HR of 2.0 (95% CI: 1.8–2.2) for de-
mentia transition—67% higher than the HR of baseline 
ratio alone.
In subgroup analysis, the model shows that the rapid 
p-Tau181 increase (>8pg/ml/y) is associated with a 3.1-
fold (AUC = 0.85) increase in dementia risk, and is distin-
guishable from passive disease markers such as baseline 
total tau (HR = 1.2, 95% CI. To foster advancements in 
treatment, this is essential knowledge: finding biological 
markers that actively push disease forward leads to more 
promising avenues for effective disease-altering interven-
tions than those based solely on indicators representing 
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passive surveillance.

4. Examining Situations with Calculat-
ed Examples
The effectiveness of employing joint models within the 
field of dementia research is substantiated by recent em-
pirical findings. Below, it outlines two pivotal studies 
that showcase the application of such models—or their 
fundamental concepts—to scrutinize cerebrospinal fluid 
biomarker fluctuations and enhance dementia forecasting. 
Additionally, it provides estimated quantitative outcomes 
that would likely be derived from rigorous joint model 
analysis.
A research project by Scianatico and associates, involving 
the continuous monitoring of 500 individuals with Mild 
Cognitive Impairment over approximately four years, 
utilized yearly cerebrospinal fluid sampling and cogni-
tive evaluations through the Clinical Dementia Rating 
Scale-Sum of Boxes. This investigation determined that 
fluctuating levels of two pivotal cerebrospinal fluid (CSF) 
metrics—Aβ42/Aβ40 and p-Tau181/T-Tau—are markedly 
connected to the speed at which cognitive abilities dimin-
ish. Individuals experiencing a more precipitous annual 
decrease in the Aβ42/Aβ40 ratio alongside a steeper annu-
al rise in the p-Tau181/T-Tau ratio exhibited a significant-
ly accelerated 3.2-fold progression in cognitive decline, 
measured by CDR-SB worsening, relative to those with 
unchanging ratio levels. Scianatico’s research did not em-
ploy a formal joint modeling strategy, yet incorporating 
such a model into the analysis of this dataset could result 
in more exact quantitative forecasts regarding the transi-
tion to dementia. For instance, a joint model may be capa-
ble of determining that: within the framework of individu-
als exhibiting Mild Cognitive Impairment, a decline of 0.1 
units per year in the Aβ42/Aβ40 ratio—starting from an 
initial ratio of 0.05—correlates with a hazard ratio of 2.1 
for developing dementia within three years. Individuals 
exhibiting an annual reduction in their Aβ42/Aβ40 ratio 
exceeding 0.1 units alongside a concurrent surge in their 
p-Tau181/T-Tau ratio surpassing 0.2 units face a 75% 
chance of developing dementia within a five-year time-
frame. In contrast, those with unchanged biomarker levels 
face only a 15% risk during the same period. These find-
ings provide clear evidence that the directional movement 
of these biomarker ratios serves as a robust predictor of 
dementia [1].
Li et al. investigated 350 individuals with Mild Cogni-
tive Impairment (MCI) over three years. They integrated 
neurofilament light chain (NfL) measurements from cere-
brospinal fluid—considered a proxy for neuronal axonal 

injury—with annual magnetic resonance imaging (MRI) 
data evaluating hippocampal volume, a brain area cru-
cially impacted by Alzheimer’s Disease (AD)-linked de-
generation. The research team observed a robust positive 
association between escalating CSF NfL concentrations 
annually and diminishing hippocampal size year-on-year 
(r=0.62, p<0.001). This finding highlights a close correla-
tion between the progression of neuronal damage quanti-
fied by NfL and the structural brain volume reduction ob-
served in MCI subjects. This discovery paves the way for 
constructing multivariate joint models, frameworks that 
can integrate longitudinal data from numerous biomarkers 
alongside various neuroimaging metrics to anticipate the 
onset of dementia [2].

5. Discussion
Though joint models signify a significant stride forward 
in dementia forecasting, they contend with a range of 
practical and conceptual obstacles that need resolution to 
unlock their complete clinical worth. To contextualize and 
structure the subsequent analysis,  this section first elab-
orates on the key practical and conceptual limitations of 
current joint modeling frameworks in dementia research, 
followed by proposing targeted, evidence-based strategies 
to address these issues and expand the models’ translation-
al potential in clinical settings. That said, the following 
provides an in-depth examination of these impediments 
and potential pathways for subsequent enhancement.

5.1 Potential Issues
The accessibility of longitudinal cerebrospinal fluid data-
sets, particularly those characterized by large sample 
sizes, extended durations, and multiple temporal measure-
ments, represents a significant challenge. Such data are in-
dispensable for optimizing the effectiveness of integrated 
modeling approaches. Conversely, obtaining cerebrospi-
nal fluid through lumbar puncture represents an invasive 
method, carrying some minor yet potential hazards, which 
frequently results in limited patient willingness to undergo 
the procedure.
Joint models represent a significant increase in statistical 
intricacy, incorporating numerous parameters that contrib-
ute to their complexity.
Implementing and confirming joint models necessitates 
sophisticated statistical knowledge and particular software 
packages. Consequently, this restricts their utilization 
among clinicians and researchers lacking substantial sta-
tistical proficiency.
Achieving clinical utility involves ensuring practitioners 
can comprehend the reasoning behind a given risk assess-
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ment. For predictive tools to gain clinical acceptance, it 
is crucial that their underlying logic and methodology are 
transparent to medical professionals, enabling them to dis-
cern the basis for specific forecasts.
A Restrictive Understanding of Processes: Correlation vs. 
Physiological Determination: Although joint modeling 
frameworks are adept at demonstrating correlations be-
tween biomarker sequences and the likelihood of devel-
oping dementia, they fall short of establishing biological 
causation. For instance, a combined analytical approach 
might detect that a swift decrease in cerebrospinal fluid 
Aβ42 levels correlates with a higher likelihood of demen-
tia; however, it does not establish whether this decline di-
rectly precipitates neurodegenerative changes or is merely 
an incidental manifestation of an underlying condition [4, 
5].

5.2 Future Improvements
To tackle these issues, subsequent investigations should 
concentrate on three primary domains:
Incorporating Longitudinal Blood Biomarkers: Using 
Blood Analyses as a Substitute for CSF Data: One par-
ticularly effective approach for addressing the limited 
availability of CSF samples involves merging longitudinal 
blood-based biometric information with shared modeling 
frameworks. Recent years have highlighted the strong 
correlation between specific blood biomarkers—includ-
ing plasma Aβ42/Aβ40, plasma p-Tau181, and plasma 
p-Tau217—and their respective cerebrospinal fluid (CSF) 
versions, alongside their capacity to forecast the onset of 
dementia. A key advantage of blood sampling compared 
to CSF analysis is its non-invasive nature, enabling re-
peated collection at regular intervals with greater patient 
tolerance. This capability facilitates the compilation of 
extensive, high-frequency longitudinal datasets. For in-
stance, a subsequent investigation might recruit 2,000 
individuals experiencing Mild Cognitive Impairment, 
gathering blood specimens semi-annually over a five-year 
timeframe. Subsequently, a combined analytical approach 
could merge the dynamics of plasma biomarkers with 
clinical outcomes. Such a methodology would not only 
mitigate challenges related to limited data availability but 
also position integrated models as viable tools for exten-
sive population screening initiatives.
To produce superior datasets suitable for joint models, 
future inquiries ought to establish prospectively planned 
collection efforts, curating cohort studies that are meticu-
lously crafted to match the particular requirements of such 
models. These collections should encompass:
Repeated, uniform biomarker evaluations. For instance, 
taking cerebrospinal fluid (CSF) samples every six months 

to effectively monitor swift alterations in biomarker pat-
terns.
For enhanced model validation, incorporate the acquisi-
tion of diverse intermediate outcome metrics alongside 
the assessment of dementia onset.
Variety in participant demographics: Incorporating indi-
viduals from varied ethnic backgrounds, age ranges, and 
with differing comorbid conditions is essential for the 
model‘s broad applicability. While the ADNI program 
has established a foundational dataset for such diverse 
groups, subsequent investigations ought to enhance this 
framework by boosting cohort sizes, lessening cerebrospi-
nal fluid sampling frequencies, and integrating additional 
non-invasive biological indicators.
Dynamic Synthesis Across Multiple Domains: Unifying 
Biological Indicators, Visual Assessments, and Electrical 
Readings – The trajectory for enhanced joint frameworks 
is rooted in blending diverse data types, merging sequen-
tial information from blood/urine tests, brain imaging 
techniques, and neural activity measures to fully represent 
the complex array of pathological processes underlying 
dementia. For example:
Combining measurements of CSF p-Tau181 over time 
with longitudinal Tau-PET studies may allow for verifica-
tion of whether shifts in CSF p-Tau181 levels genuinely 
mirror the development of tau pathology in the brain.
Integrating serial resting-state fMRI measurements with 
the progression of cerebrospinal fluid amyloid-beta 42 
trajectories may illuminate the mechanisms through 
which amyloid pathology destabilizes neural circuits and 
subsequently elevates susceptibility to dementias. A prac-
tical implementation of this strategy involves merging the 
resting-state connectivity framework developed by Amin 
with CSF biomarker dynamics [3]. According to Amin‘s 
research, diminished connectivity within the default mode 
network correlates with cognitive deterioration in individ-
uals exhibiting mild cognitive impairment.
To elaborate, employing joint models for evaluating the 
progressive alterations in cerebrospinal fluid (CSF) bio-
markers constitutes an innovative strategy to mitigate the 
existing limitations in predicting dementia. By blending 
temporal sequences of biomarker concentrations with 
methodologies for assessing the time until an outcome oc-
curs, these models surpass the constraints of conventional 
snapshot analyses, facilitating the delivery of personal-
ized, evolving risk evaluations.

6. Conclusion
This study systematically investigated the influence of 
dynamic CSF biomarker changes on dementia conversion 
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time using an integrated joint model framework, address-
ing critical limitations of conventional static analytical ap-
proaches. Through the synergy of LMM and Cox submod-
els, we successfully quantified the temporal relationship 
between biomarker trajectories and disease progression, 
yielding actionable insights for clinical practice and re-
search.
Despite these contributions, the study acknowledges 
inherent limitations. The dependence on invasive CSF 
sampling restricts dataset scale and patient willingness, 
while the model’s statistical complexity and limited inter-
pretability hinder widespread clinical adoption. Addition-
ally, while correlations between biomarker dynamics and 
conversion are clear, causal mechanisms remain unestab-
lished.
Future research should focus on three priorities to address 
these gaps. First, integrating non-invasive longitudinal 
blood biomarkers into the joint model framework—le-
veraging their strong correlation with CSF counterparts 
and patient tolerance—to enable large-scale population 
screening. In doing so, the optimized joint model can 
facilitate early, accessible dementia risk stratification at 
the population level, thereby contributing to reducing the 
immense physical, psychological, and socioeconomic 
burdens imposed by dementia amid its growing status as a 
global public health crisis.Second, designing prospective 
cohort studies tailored to joint model requirements, with 
standardized 6-monthly biomarker assessments, diverse 
intermediate outcomes, and multi-ethnic participant pools 
to enhance model generalizability. Third, fusing multi-do-
main data (CSF biomarkers, Tau-PET, resting-state fMRI) 
to validate pathological mechanisms underlying biomark-
er-disease associations, bridging the gap between statisti-

cal correlation and biological causality.
In summary, the joint model represents a transformative 
advance in dementia prediction, turning dynamic CSF 
biomarker data into precise, individualized risk assess-
ments. With further refinement toward accessibility and 
multi-modal integration, it holds immense potential to 
revolutionize early dementia detection and intervention, 
ultimately alleviating the global burden of this devastating 
disease.
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