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Abstract 

Early prediction of dementia and disease progression remains challenging. This study presents a novel machine 
learning framework for dementia diagnosis by integrating multimodal neuroimaging biomarkers and inexpensive 
and readily available clinical factors. Fractional anisotropy (FA) measurements in diffusion tensor imaging (DTI) 
provide microstructural insight into white matter integrity disturbances in dementia. However, the acquisition of 
DTI is costly and time-consuming. We applied Recursive Feature Elimination (RFE) to identify predictors from 
structural measures of the 9 factors of Brain Atrophy and Lesion Index (BALI) factors and 42 factors of Clinical 
Lifestyle for Brain Health (LIBRA) factors to estimate FA in DTI. The 10 most effective features of BALI/ LIBRA 
selected by RFE were used to train an interpretable decision tree model to predict the severity of dementia from 
DTI. A decision tree model based on biomarkers selected by RFE achieved an accuracy of 96.25% in predicting 
dementia in an independent test set. This integrated framework pioneers the prediction of white matter 
microstructural changes from available structural/ clinical factors using machine learning. By avoiding DTI 
acquisition, our approach provides a practical and objective tool to improve dementia screening and progress 
monitoring. The Identification of key predictive markers of BALI/ LIBRA will also provide information on the 
mechanisms of lifestyle-related disease mechanisms, neurodegeneration, and white matter dysfunction. This study 
aims to predict FA measures from DTI, which indicate white matter integrity and dementia severity, using 
inexpensive and readily available BALI and LIBRA factors through machine learning. 
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Introduction 

Dementia represents an urgent public health crisis that is growing rapidly in scale and impact on society [1, 2]. 
Currently affecting more than 55 million people worldwide, the prevalence is expected to triple to 152 million by 
2050 [3]. The associated economic burden is more than $1 trillion per year. Beyond costs, dementia wreaks 
enormous psychosocial havoc on patients and families [4, 5]. As the population ages, this growing epidemic affects 
healthcare systems [6]. There is a strong need for solutions that can detect the onset of the disease to delay the 
progression of the disease with the necessary treatments [7]. 

Despite extensive research, the diagnosis of dementia remains challenging, especially in the early stages, when 
symptoms are subtle [8]. Current methods are heavily based on neuropsychological assessments, clinical 
observations, and structural imaging [9]. Although MRI and tomography can show severe atrophy, they lack the 
quantitative biomarkers needed to monitor subtle changes [10]. These limitations emphasize the need for more 
objective, sensitive and scalable diagnostic methods that can detect the underlying pathophysiological processes of 
dementia before overt symptoms appear [2, 11]. Recently, computational approaches in biomedical engineering are 
being effectively used to treat various patients [12, 13]. 

Advanced MRI techniques such as BALI and DTI provide quantitative biomarkers of neurodegeneration with the 
potential for earlier and more accurate diagnosis of dementia [14-16]. BALI enables the quantification of regional 
atrophy through segmentation and volumetrics [17]. DTI characterizes microstructural changes in white matter 
integrity through factors such as fractional anisotropy [18-20]. Unlike conventional imaging, these methods can 
detect pathophysiological changes that precede severe atrophy [10, 21]. Each provides more information about the 
complex etiology of dementia [22]. A research priority is to develop ways to integrate multimodal data to use this 
combined insight for diagnosis and monitoring [23]. 



The LIBRA method includes entries related to lifestyle factors that affect brain health. These inputs include diet, 
physical activity, cognitive engagement, social interaction, sleep quality, and other modifiable risk factors [24]. 
LIBRA's comprehensive assessment of a person's diet includes components such as fruit/ vegetable consumption, 
nutritional balance, and regularity of meals [25]. It also examines physical activity patterns, including aerobic 
exercise, strength training, and overall activity level [26]. Also, the inputs to cognitive engagement inputs reflect 
intellectual stimulation, new learning, and mental challenge [27]. The input of social interaction covers social 
contact, relationship quality, and community participation [28]. Inputs assess sleep quality, duration, stability, 
disturbances, and daytime sleepiness [29]. Other factors include cardiovascular health, drug and smoking use, stress 
level, and demographic factors. In total, LIBRA's 42 entries provide a multidimensional profile of lifestyle factors 
affecting brain health [30]. 

Many previous studies have evaluated the diagnostic utility of BALI, LIBRA, and DTI separately [30]. For example, 
several studies using BALI-derived volumetrics such as hippocampal atrophy have demonstrated accuracy in 
distinguishing Alzheimer's patients from controls [31]. Similarly, LIBRA-based quantification for the diagnosis of 
dementia and comorbidities has shown promise in past research [32]. DTI measurements have shown changes 
before atrophy in frontotemporal dementia, and extensive research has been done on its relationship with the 
diagnosis of dementia [33]. However, most studies focused on a single method, lacking the integration of 
complementary information that could improve diagnosis and predictive ability, especially in complex and 
heterogeneous conditions such as dementia. 

Dementia has a complex multifactorial pathogenesis that involves various pathophysiological processes [34]. 
Unimodal approaches cannot understand this heterogeneity well and may miss some changes [35]. A multimodal 
approach that integrates complementary structural, microstructural, and vascular biomarkers from BALI, LIBRA, 
and DTI could enable a more comprehensive and accurate description of the pathophysiology of dementia for 
diagnosis and monitoring [36]. Machine learning is an ideal framework for integrating such heterogeneous data into 
sensitive predictive models [37]. Therefore, this study seeks to develop a machine learning model that combines 
multimodal neuroimaging biomarkers to enhance the early detection of dementia and predict disease progression. 

Machine learning is a powerful approach to integrate diverse multivariate data and build predictive models [38]. 
Unlike traditional statistical methods, machine learning can model complex non-linear interactions between many 
variables [39]. Decision tree algorithms can integrate heterogeneous inputs such as neuroimaging biomarkers and 
clinical data to maximize diagnostic or predictive accuracy [40]. In addition, machine learning includes cross-
validation and independent testing to protect against overfitting in limited samples [41, 42]. This allows robust 
generalization to new data [43]. Interpretability of algorithms, such as decision trees, also facilitates inference to key 
predictive biomarkers and relationships underlying dementia [44]. Therefore, machine learning was chosen as an 
optimal framework for combining multivariate data in a predictive model of dementia progression [45]. 

While numerous studies have independently explored the diagnostic utility of BALI, LIBRA, and DTI biomarkers 
for dementia, there remains a critical need to develop integrative frameworks that leverage the complementary 
strengths of these multimodal data sources [46]. Recent years have witnessed a growing recognition that the 
complex pathophysiology of dementia requires a holistic approach that combines structural, lifestyle, and 
microstructural neuroimaging markers [47]. Consequently, an emerging area of research has focused on machine 
learning techniques to synthesize these heterogeneous data modalities into predictive models of disease progression 
and severity [45, 48, 49]. Notable efforts include the use of support vector machines, random forests, and deep 
learning architectures to fuse volumetric, diffusion metrics, and clinical/ lifestyle factors derived from MRI for 
dementia classification and staging [50]. However, the integration of comprehensive BALI, LIBRA, and DTI 
assessments within a unified predictive framework remains an open challenge. In addition, there is a pressing need 
for approaches that can leverage readily available clinical data to estimate costly and time-intensive neuroimaging 
protocols such as DTI, thereby enabling more scalable and cost-effective screening paradigms. By developing a 
machine learning approach to predict white matter microstructural integrity from structural MRI and lifestyle 



factors, the current study represents a novel contribution in this direction and does away with the necessity for 
widespread DTI acquisitions. 

Furthermore, while previous studies have explored relationships between individual BALI/ LIBRA factors and 
neuroimaging metrics, there remains an outstanding need to elucidate the most salient predictors of white matter 
integrity from these multidimensional lifestyle and structural assessments [51]. By strategically reducing the 
dimensionality of the BALI/ LIBRA feature space through recursive feature elimination, the current work delineates 
a refined subset of factors that are maximally informative of the DTI measures involved in dementia pathology. This 
data-driven feature selection approach not only enhances predictive performance but also facilitates the 
interpretability of the machine learning model, providing insight into the key lifestyle and neuroanatomical 
determinants of white matter degeneration. Ultimately, the identification of these predictive relationships has the 
potential to advance our fundamental understanding of the multifactorial etiology of dementia, highlighting 
modifiable risk factors that could be targeted through early interventions or lifestyle modifications. 

This study aimed to develop a machine learning model by integrating quantitative biomarkers from BALI, LIBRA, 
and DTI to predict dementia severity [52]. We hypothesized that combining multiple methods would allow more 
accurate staging of dementia progression compared to individual biomarkers alone [46]. This could ultimately 
revolutionize management by providing an objective, scalable, and cost-effective approach to predicting the 
progression of dementia from an early and treatable stage. Furthermore, the development of a model that can show 
the most effective factors that affect fractional anisotropy can help in this field and lead the way in preventing 
dementia [53].  

The main contribution of this work is to leverage inexpensive and routinely collected brain imaging (BALI) and 
lifestyle/ clinical (LIBRA) factors to estimate costly and time-consuming measures of white matter integrity. This 
approach can potentially enable cost-effective screening and monitoring of dementia progression without requiring 
acquisition of DTI for all individuals. 

Although BALI, LIBRA, and DTI have shown utility individually, a key novelty of our work is the integration of 
these complementary modalities into a unified machine learning framework. By combining structural brain imaging 
(BALI), lifestyle/ clinical factors (LIBRA), and microstructural white matter integrity DTI, the aim is to use their 
synergistic strengths for improved dementia prediction. Moreover, our approach explores using the relatively 
inexpensive and easily obtained BALI/ LIBRA factors to estimate the costly DTI measures, enabling more scalable 
screening and monitoring applications. 

The primary motivation for this study stems from the urgent need to develop practical and cost-effective methods for 
early detection and monitoring of dementia progression. Although advanced neuroimaging techniques like DTI 
provide valuable information on microstructural integrity of white matter, their widespread implementation is 
hindered by the associated costs and complexity of data acquisition [54]. Using readily available structural brain 
imaging data from BALI and comprehensive lifestyle assessments from LIBRA, this study pioneers a novel 
approach to estimate markers derived from DT of white matter health. Integration of multimodal data sources 
through machine learning techniques not only circumvents the need for costly DTI scans, but also enables a holistic 
characterization of the complex interplay between lifestyle factors, macroscale brain changes, and microstructural 
white matter degeneration in dementia. The recursive feature elimination strategy employed here uniquely identifies 
the most salient predictors of  BALI and LIBRA of the DTI measures, elucidating key lifestyle and neuroanatomical 
determinants of white matter integrity [55]. This data-driven approach is of profound significance in advancing our 
fundamental understanding of the etiology of dementia, highlighting potential targets for early intervention and 
lifestyle modification. Ultimately, the proposed framework paves the way for a practical, scalable, and cost-effective 
paradigm for dementia screening and progression monitoring, addressing a critical unmet need in global healthcare. 



Although prior studies have demonstrated the individual utility of the BALI, LIBRA, and DTI modalities for the 
assessment of dementia, our work represents a pioneering effort to synergistically integrate these complementary 
data sources within a unified predictive framework. In contrast to previous pairwise combinations or unimodal 
approaches, our multimodal machine learning model captures the multifaceted pathophysiology of dementia by 
fusing structural neuroimaging, comprehensive lifestyle profiling, and microstructural white matter characterization. 
A key novelty lies in our recursive feature elimination strategy to pinpoint the most predictive BALI and LIBRA 
factors of white matter integrity disruption, elucidating potential targets for preventive lifestyle interventions.  
Furthermore, the interpretable decision tree formulation offers potential for individualized risk stratification and 
personalized treatment planning by delineating multimodal decision rules related to disease burden [56]. Beyond 
diagnostic applications, the elucidated associations between modifiable lifestyle factors, macroscopic brain changes, 
and microstructural white matter alterations could stimulate new mechanistic investigations into the complex 
etiology of dementia and pathways for intervention. 

 

Problem Statement 

The present study expands on the use of clinical data to identify important BALI and LIBRA factors in estimating 
DTI measures of white matter integrity. Despite the recognized utility of DTI for assessing white matter health, the 
acquisition of DTI data is costly and time-intensive. In contrast, the numerous lifestyle indices of BALI and LIBRA 
and structural brain are the more easily achieved. Therefore, the elucidation of specific BALI/ LIBRA factors most 
predictive of key DTI metrics could enable a more practical evaluation of white matter status. Leveraging an 
expanded dataset with both BALI/ LIBRA and DTI metrics, the current work implements recursive feature 
elimination and decision tree methodologies to determine a subset of BALI/ LIBRA predictors that is maximally 
informative for DTI measures known to indicate dementia. By strategically reducing the dimensionality of the 
BALI/ LIBRA feature space, this study aims to refine the understanding of associations between lifestyle risk, 
macroscale brain health, and white matter microstructure, without requiring DTI acquisition for all individuals. The 
selected lifestyle and clinical indices may also facilitate the interpretation of previous models linking BALI/ LIBRA 
factors to DTI. In summary, the present work seeks to enhance the efficiency of evaluating the integrity of white 
matter integrity using readily obtained clinical data. 

The present study expands on the use of clinical data from BALI and LIBRA factors to estimate FA measures from 
DTI, which are indicators of white matter integrity and severity of dementia. Despite the recognized utility of DTI 
for assessing white matter health, the acquisition of DTI data is costly and time-intensive. In contrast, the numerous 
BALI structural brain imaging factors and LIBRA lifestyle factors are more easily reached. 

 

Materials and Methods 

Data Collection 
Data were collected from a cohort of 51 elderly subjects recruited from the Memory Clinic at Roozbeh Hospital in 
Tehran, Iran. DTI data were acquired from 9 white matter tracts, including the left and right arcuate fasciculus, left 
and right cingulum (frontal-parietal portion), left and right superior longitudinal fasciculus, and the corpus callosum 
(genu, body, and splenium). Relevant demographic, clinical, lifestyle, and medication data was gathered through in-
person interviews conducted by trained researchers. Investigators received careful training in data collection 
protocols to maximize accuracy and consistency. The set of feature set for the input variables includes 49 variables 
from LIBRA and BALI. LIBRA comprised 42 variables in 4 categories: 1) socioeconomic demographic 
components, 2) components of physical health, 3) lifestyle components, and 4) laboratory components. (see 



Appendix A). BALI provided 7 measurements: Gray matter lesions, subcortical dilated perivascular spaces, deep 
white matter lesions, periventricular white matter lesions, lesions in the basal ganglia and surrounding areas, lesions 
in the infratentorial regions, and global atrophy. The BALI factors denoting morphological changes were acquired 
through magnetic resonance imaging (see Appendix B).  

Inclusion criteria were age over 50 years, and diagnosis of dementia. Exclusion criteria included the presence of 
major psychiatric illness, substance abuse, neurological comorbidities affecting cognition (eg tumor, infection), or 
contraindications to MRI. All participants or their surrogates gave their informed consent before data collection.  

The university institutional review board approved the study protocol (approval number 
IR.IAU.SRB.REC.1401.285). This study was approved by the Research Ethics Committees of Islamic Azad 
University’s Science and Research Branch. All research was carried out in accordance with relevant guidelines and 
regulations. Informed consent was obtained from all participants and/ or their legal guardians. All experiments were 
performed in accordance with relevant guidelines and regulations. 

Diffusion Tensor Imaging 

Diffusion tensor imaging (DTI) is an advanced magnetic resonance imaging technique that enables the visualization 
and quantification of water diffusion in biological tissues. DTI leverages diffusion-weighted MRI data to model 
diffusion as a tensor, describing the 3D diffusion properties in each image voxel [57, 58]. This allows us to estimate 
the microstructural organization and integrity of white matter pathways in the brain. S is a function of the diffusion 
coefficient (D), b-value, and the gradient direction (g) Eq. (1) [59]: 
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D describes the diffusion properties of water molecules in each voxel in the tissue Eq. (2) [60]: 
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the tensor contains the primary diffusivities along the main axes (Dxx, Dyy, Dzz) as well as the off-diagonal elements 
representing correlations. From D, we can derive common diffusion metrics such as fractional anisotropy (FA) [61, 
62]. 

FA describes the directional dependence of diffusion Eq. (3): 
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Where λ1, λ2, λ3 are the tensor eigenvalues. 

We performed DTI in each patient to quantify the progression of the disease, which served as the target output 
variable. 



The disease progression measure was calculated from DTI-derived fractional anisotropy (FA) values in the white 
matter tracts [63]. Lower FA values indicate greater white matter disruption and more severe dementia. This served 
as the target variable for the supervised learning problem. 

DTI characterizes the microstructural organization and integrity of the white matter pathways in the brain by 
modeling the diffusion properties of water molecules. Key DTI measures, such as fractional anisotropy (FA), can 
indicate white matter abnormalities associated with neurological disorders such as dementia. Details of DTI 
acquisition and processing methods can be found in [57, 58]. 

Data Pre-processing 

An important step was to standardize each clinical factor evaluated for each subject, including the LIBRA and BALI 
measures described in Appendices 1 and 2. Although necessary for analysis, a challenge is that these factors have 
widely varying scales and ranges [64]. 

To allow an impartial analysis, I standardized all clinical data in the common range of 0 to 1 using the following 
formula Eq. (4): 
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( ) ( )
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=  
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x X
x

X X
 ,                 (4) 

where s is the standardized value, x is the original numeric value, and X is the set of all x values [65]. 

This standardization ensures that all factors and measures are on the same scale, while preserving the distribution 
and relationship between values. With all data standardized, I can impartially analyze the relationships between 
clinical evaluations and imaging measures. 

In the data pre-processing section, standardizing the clinical factors assessed for every subject, including the LIBRA 
and BALI measures, is a crucial step prior to analysis. Standardization ensures that features with inherently different 
scales and units of measurement are transformed into a common range, between 0 and 1 [66]. This is essential 
because machine learning algorithms can be unduly influenced by features with larger numeric ranges, leading to 
biased results and poor generalization. By standardizing the data, we ensure that all features contribute equally to the 
analysis, regardless of their original scales [67, 68]. Consequently, the model can impartially learn patterns and 
relationships without being disproportionately influenced by features with larger magnitudes. Standardization 
preserves the relative distribution and relationships between data points while ensuring fair consideration of all 
predictors. This crucial preprocessing step establishes a robust foundation for unbiased analysis and reliable 
prediction of dementia severity from the diverse set of clinical and neuroimaging characteristics [69]. 

Recursive Feature Elimination (RFE) 

RFE is a popular feature selection technique that removes the least important features recursively [70, 71]. It can be 
used with different base machine learning models that assign feature importance scores [72].  

Linear regression can be one such base model for RFE. In linear regression, the feature coefficients reflect the 
importance of that feature in predicting the target variable [73]. 

The linear regression model is defined as Eq. (5): 

y=β0+β1x1+β2x2+…+βpxp+ε  ,                   (5) 



where y is the target variable, x1 to xp are the p predictor features, β0 is the intercept, β1 to βp is the feature 
coefficients, and ε is the error term [74, 75]. 

The importance score for each feature xj can then be calculated as the absolute value of its coefficient βj Eq. (6): 

      (xj)=|βj|  ,                  (6) 

at each RFE iteration, the feature with the lowest importance score is removed. The model is reconstructed on the 
remaining features, and the process is repeated until the desired number of features remains [74, 75].  

Therefore, linear regression RFE involves recursively fitting linear regression, calculating the importance of feature 
as coefficient magnitudes, removing the least important feature, and refitting the model until the optimal set of 
features is obtained. This provides a computationally efficient way to select predictive features for the target variable 
using linear regression as the base model within RFE [76]. 

RFE selected a subset of the 10 most influential factors in the measurement of disease progression derived from DTI 
in Figure 1. 

 

Figure 1. Block diagram of the proposed RFE algorithm 

The RFE iteratively fits a linear regression model on the 49 BALI/ LIBRA input features, ranks the features by 
coefficient magnitude, and removes the least important feature. This process is repeated until the top 10 most 
predictive features for the DTI-derived disease progression measure are selected in Figure 1. 

RFE is a powerful feature selection technique that iteratively removes irrelevant or redundant features while 
retaining the most predictive subset. This reduces dimensionality, improves model performance, and improves 
interpretability. 

Input Features and Feature Selection 

The input variables comprised 49 features from the BALI (7 factors) and LIBRA (42 factors) assessments (see 
Appendices A and B). RFE was applied to identify the top 10 most predictive features of  this set of 49 variables to 
estimate the DTI-derived disease progression measure. RFE iteratively fits a linear regression model, ranks features 
by coefficient magnitude, and removes the least important feature until the desired number remains. The choice of 
10 features strikes a balance between preserving informative predictors and reducing dimensionality. 

Decision Tree  

A decision tree is a powerful machine learning algorithm used for both prediction and regression tasks [77]. It is a 
tree-like structure where each internal node represents a feature (or attribute), each branch represents a decision 
based on that feature, and each leaf node represents an outcome or prediction [78]. The top node of the tree is called 
the root node, and represents the entire dataset [78]. To create branches, the data set is split into subsets based on a 
feature. The chosen feature is the one that provides the best data separation. This process is repeated recursively for 



each subset, creating a tree structure [79]. At each internal node, a decision is made on the basis of a feature's value. 
The tree continues to branch until it reaches the leaf nodes. Entropy measures the impurity of a dataset, and 
information gain quantifies the reduction in impurity by splitting. Decision trees can become overly complex, which 
may lead to overfitting [80]. Pruning is a process in which some branches are removed to make the tree simpler and 
more generalizable. One of the advantages of decision trees is their interpretability. You can easily trace the path 
from the root to a leaf to understand how a decision was reached [79]. 

The decision tree model itself was created using the 'fitrtree' function [81]. This algorithm essentially learns from the 
training data, building a tree-like structure that maps the input features to the desired output. It is a visual 
representation of decision rules that can help predict outcomes based on new, unseen data. To evaluate the 
performance of the model, predictions were made on the validation and test sets [78]. The error was calculated by 
measuring the difference between the predicted and actual values. The error calculation was kept simple, using the 
mean absolute error. These errors are essential indicators of effectiveness and reliability [82].  

The governing equations and explanations for decision tree creation using the fitrtree function in MATLAB: 

Entropy (or Gini impurity) Calculation: 

The decision tree algorithm calculates entropy (H(S)) or Gini impurity for the target variable (YTrain) based on the 
class label distribution. Entropy is given by Eq. (7) [83]: 

             ( )( )-H(S)=-Σ p i(log2 p_i )  ,               (7) 

where p_i represents the proportion of instances belonging to class i. The gini impurity follows a similar concept 
[83]. 

For each possible split point in the predictor variables (XTrain), the algorithm computes the information gain (IG) or 
Gini gain. These metrics quantify the reduction in entropy or Gini impurity, showing how much the split improves 
data purity Eq. (8) [78, 84]: 

        ( )( )IG=H(S)-Σ S_v /|S|(H S_v )  ,               (8) 

where S is the current dataset, (S_v) are the subsets created by the split, and H(S_v) is the entropy or Gini impurity 
of subset, (S_v) [85, 86]. 

The algorithm selects the split point that maximizes the information gain (or the Gini gain) to partition the data at 
each node in the tree. Evaluates all potential splits in the predictor variables. 

The process is applied recursively to construct a tree structure. The internal nodes represent the split points based on 
the predictor variables, and the leaf nodes represent values for predictions [87]. 

We trained a decision tree model to predict the severity of Alzheimer's based on DTI. At each split, the decision tree 
optimized information gain, measuring the reduction in entropy after dividing the data. This process sculpted the 
complex data into an interpretable tree structure in Figure 2. 



 

Figure 2. Block diagram of the proposed decision tree algorithm 

Block diagram of the proposed decision tree algorithm. The decision tree recursively splits the data based on the 10 
selected BALI/ LIBRA features to maximize information gain (reduction in entropy/ impurity). The final tree 
structure maps the input features to the predictions of the DTI-derived disease progression measure in Figure 2. 

Decision trees are machine learning models that recursively split data based on input features to maximize the 
separation of classes or prediction accuracy. Their hierarchical tree structure and intuitive rules make them highly 
interpretable. 

The proposed machine learning framework integrates multimodal data through an innovative two-stage algorithm. 
The first stage applies Recursive Feature Elimination (RFE) to derive a compact set of top predictive features from 
the high-dimensional BALI and LIBRA factors [88]. RFE iteratively fits a linear regression model, ranking all 
features by the magnitude of their coefficients [89]. At each iteration, the least important feature is eliminated until a 
predetermined number of surviving features remain [90]. This data-driven feature selection approach identifies the 
most informative lifestyle and structural factors while reducing dimensionality. In the second stage, the selected top 
features are used to train an interpretable decision tree model for dementia prediction. Decision trees recursively 
partition the data space by maximizing the information gain at each node, sculpting the complex multivariate 
distributions into a hierarchical tree structure [91]. This integrative approach synergistically combines 
complementary data modalities while enhancing interpretability through the decision tree framework. 

 

Results 

To identify the most predictive factors, we applied RFE on the 49 variables, which iteratively prunes the least 
important features. RFE selected a subset of the 10 most influential factors in the measurement of disease 
progression derived from DTI. These top-ranking biomarkers were used to develop the final decision tree model. 
The list of the top 10 factors of the input variables of LIBRA and BALI relative to each of the DTI tracts as output 
with importance scores is shown in Table 1. 

Table 1 lists the top 10 BALI and LIBRA factors selected by RFE, ranked by their importance scores (regression 
coefficients) to predict in the FA values for each DTI tract. 

 

 

 

 

 



Table 1. List of top 10 features with importance scores using RFE 

Diffusion Tensor Imaging (FA)   

Arcuate_Fasciculus_L Factors 6 4 38 15 8 24 46 44 21 20 
RFE  0.178754 0.252192 0.409541 0.448106 0.472541 0.508274 0.524891 0.543831 0.577149 0.587064 

Arcuate_Fasciculus_R Factors 35 27 9 22 47 45 24 4 10 38 
RFE  0.091903 0.149444 0.195241 0.257047 0.305354 0.346572 0.380917 0.431152 0.445082 0.4586 

Cingulum_Frontal_Parietal_L Factors 32 1 35 10 18 21 6 27 20 45 
RFE  0.166296 0.283323 0.363448 0.419051 0.503561 0.529305 0.552518 0.588751 0.635156 0.654975 

Cingulum_Frontal_Parietal_R Factors 6 17 2 32 30 18 39 35 27 25 
RFE  0.192893 0.384751 0.506899 0.556467 0.593786 0.611621 0.633986 0.649885 0.663591 0.676541 

Superior_Longitudinal_Fasciculus_L Factors 49 8 20 38 24 4 16 34 17 6 
RFE  0.18475 0.341002 0.391806 0.510035 0.565731 0.592481 0.613366 0.638113 0.667556 0.687449 

Superior_Longitudinal_Fasciculus_R Factors 2 38 24 20 8 45 39 40 9 18 
RFE  0.110333 0.23742 0.290458 0.335593 0.38878 0.4169 0.446979 0.458735 0.483564 0.526755 

Corpus_Callosum_GEN Factors 6 29 9 31 1 39 48 20 35 16 
RFE  0.22969 0.314046 0.354564 0.378597 0.393811 0.422378 0.441972 0.455895 0.470908 0.521148 

Corpus_Callosum_Body Factors 6 13 27 22 20 35 8 17 42 28 
RFE  0.258628 0.35093 0.455137 0.48703 0.521242 0.588952 0.603625 0.626639 0.637887 0.646875 

Corpus_Callosum_SPL Factors 6 29 20 3 35 16 7 21 18 27 
RFE  0.139123 0.216037 0.294052 0.335871 0.397728 0.469177 0.498992 0.530716 0.54147 0.552176 

 

Using these 10 LIBRA and BALI factors as predictors, we trained a decision tree model to predict the severity of 
Alzheimer's based on DTI. The resulting decision tree model demonstrated high precision in predicting the level of 
disease derived from DTI from the selected factors. The decision tree model achieved 96.25% precision in detecting 
dementia in the independent test set. These criteria determine the model's ability to accurately predict disease stage 
based on biomarkers and brain imaging, and demonstrate potential clinical utility for predicting DTI and ultimately 
diagnosing dementia. 

The recursive feature elimination strategy employed in this study elucidates intriguing insights into the key 
predictors of white matter microstructural integrity from the multidimensional BALI and LIBRA assessments. In 
particular, the global atrophy factor of  the BALI index emerged as one of the top-ranking predictors in multiple DTI 
tracts, including the arcuate fasciculus, cingulum, superior longitudinal fasciculus, and corpus callosum (Table 1). 
Interestingly, the alcohol intake factor from LIBRA also exhibited consistent predictive utility for several DTI 
measures, suggesting a potential association between moderate alcohol consumption and white matter health. 
conversely, the antipsychotic drugs factor from LIBRA emerged as a robust negative predictor, aligning with 
previous literature implicating certain antipsychotics in white matter abnormalities. These results provide novel 
insights into the intricate interplay between lifestyle factors, vascular pathology, and white matter integrity in the 
context of dementia, offering potential avenues for preventive interventions and personalized risk stratification. 
Smoking factor negatively predicted integrity in the corpus callosum, corroborating previous evidence linking 
smoking with disrupted callosal connectivity and interhemispheric communication. 

Experimental Setup and Evaluation 

The data set was randomly divided into training (70%), validation (15%), and test (15%) sets. A decision tree model 
was trained on the training set using the 10 selected BALI/ LIBRA features as predictors and the DTI-derived 
disease progression measure as target. The model hyperparameters were tuned in the validation set to prevent 
overfitting. Finally, the tuned model's performance was evaluated on the held-out test set to obtain an unbiased 
estimate of its generalization ability. The 96.25% accuracy on the test set indicates that the decision tree model can 
reliably predict dementia severity from the selected BALI/ LIBRA factors, without requiring costly acquisition of 
DTI. This enables cost-effective screening and monitoring of dementia progression. 

 

 



Discussion 

The ability to accurately stage the severity of dementia using machine learning could have important clinical 
implications. Objective quantification of progression could help guide prognosis and counseling for patients and 
their families. Predicted severity could also inform treatment decisions and the timing of interventions. For mild 
dementia, the model could justify the introduction of medications to manage symptoms and prevent decline. For 
severe dementia, clinical utility includes planning for safety, caregiver needs, and transition to long-term care. 
Furthermore, the model could identify rapid progressors for more aggressive intervention and monitoring. 

There are several opportunities to improve the performance and utility of the model. Expanding to larger and more 
diverse cohorts of patients will improve robustness and generalizability. Adding modalities such as resting-state 
fMRI and FDG-PET could incorporate functional and metabolic biomarkers. Ultimately, the integrative modeling 
framework demonstrated here could be extended to user-friendly tools for neurologists to use biomarkers in early 
and accurate diagnosis. 

A key limitation of this study is the relatively small sample size of 51 participants. While the results are promising, 
larger multicenter studies are needed to validate the generalizability of the proposed approach across diverse 
populations. Furthermore, the current model only considers cross-sectional data; incorporating longitudinal 
measurements could potentially improve predictions of disease progression over time. 

Our integrative machine learning framework is based on previous studies that have explored BALI, LIBRA, and 
DTI individually for the assessment of dementia. However, most previous work has focused on single modalities, 
lacking the complementary information gained by combining structural, microstructural, and lifestyle factors. 
Multimodal data fusion using machine learning has shown promise in recent studies of Alzheimer's disease. 
Compared to existing methods, our approach is novel in strategically combining inexpensive and routinely collected 
BALI/ LIBRA factors to estimate costly DTI metrics, enabling scalable screening and monitoring applications. With 
further validation, this cost-effective strategy could potentially be translated into clinical practice and large-scale 
studies that seek affordable biomarkers of dementia progression. 

The present study is of profound significance for the neuroimaging and dementia research communities by 
pioneering a novel and cost-effective approach to assess the microstructural integrity of white matter, a crucial 
biomarker of dementia progression. Using readily available structural MRI and lifestyle data through advanced 
machine learning techniques, our framework circumvents the need for widespread acquisitions of DTI, which are 
often impeded by practical and logistical constraints. This accessibility paves the way for larger-scale studies and 
routine screening paradigms, facilitating early detection and monitoring of white matter abnormalities associated 
with dementia. Furthermore, the elucidation of specific BALI and LIBRA factors as robust predictors of regional 
white matter integrity provides invaluable information on the complex interplay between vascular pathology, 
lifestyle factors, and neurodegeneration. These findings not only advance our mechanistic understanding of the 
etiology of dementia but also underscore potential targets for preventive interventions and lifestyle modifications, 
aligning with the growing emphasis on personalized and precision medicine approaches in neurodegenerative 
disorders. 

Furthermore, the interpretable nature of the decision tree model used in this study offers a unique advantage, 
enabling researchers and clinicians to understand the intricate decision rules and multivariate relationships linking 
structural, lifestyle, and microstructural markers to the severity of dementia. This transparency facilitates the 
translation of complex multimodal neuroimaging data into actionable insights, informing individualized risk 
stratification, treatment planning, and patient counseling. Collectively, our integrative framework paves the way for 
future studies investigating the dynamic interaction between modifiable risk factors, brain pathology, and white 
matter degeneration, ultimately contributing to the development of targeted personalized interventions for the 
prevention and treatment of dementia. 



Conclusions 

This study demonstrates the proof-of-concept for an integrative framework that combines multimodal neuroimaging 
biomarkers and machine learning to predict the severity of dementia. Our approach leveraged the complementary 
strengths of BALI, LIBRA, and DTI to comprehensively characterize the neuropathology of dementia. The 
application of recursive feature elimination and decision trees enabled predictive modeling from high-dimensional 
imaging data. This sets the stage for larger-scale validation and potential clinical. 

This study provides initial evidence that the combination of neuroimaging modalities and machine learning could 
eventually enable earlier and more accurate dementia diagnosis in clinical practice. Following further validation in 
larger, independent cohorts, our predictive modeling framework could help identify high-risk individuals in the 
earliest stages when interventions are most effective. By detecting progression years before obvious symptoms 
emerge, neuroimaging biomarkers and informatics offer hope for early treatment and prevention when dementia 
remains reversible. 

In summary, our work pioneers a path toward precision approaches for early dementia prediction using 
neuroimaging biomarkers and advanced analytics. Much progress remains to be made through rigorous science and 
partnerships. With collective bold vision and dedication, transformative solutions to this global health crisis are 
attainable. Tapping the tremendous advances in biotechnology and informatics gives real hope to unravel the 
complexity of dementia. This study provides an important starting point for the dementia research community to 
move forward together. It will take a large collaborative effort across disciplines to fully leverage integrative 
diagnostics for early interventions. We must continue pushing boundaries without forgetting the lives these 
technologies aim to improve. With compassion and commitment to open science, a brighter future for dementia care 
is within reach. 

 

Data Availability Statement 

Data sets generated during the current study are available from the corresponding author on reasonable request. 
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