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Abstract. With increasing number of people living with dementia, the problem of 

late diagnosis significantly impacts a person’s quality of life while early signs of 
dementia may provide useful insights to facilitate better treatment plans. With 

time, this progressive neurodegenerative syndrome could progress from mild 

cognitive impairment to dementia. A pattern of health conditions can be 
characterized in unsupervised manner to help predict this progress. As a significant 

extension to our previous work with streaming clustering model, we consider 

additional information for predicting dementia onset. With empirical observations, 
we discover the importance of examining sex and age to predict dementia onset. 

To this end, we propose a sex-specific model with age-constraint for predicting 

dementia onset and validate the effectiveness of our models using data from Mayo 
Clinic Study of Aging (MCSA). The proposed sex-specific models for older adult 

populations (>=65 years of age) outperformed the previous models with F-score of 

77% and 78% for male-specific and female-specific models, respectively. Our 
experiments of sex-specific temporal clustering of features in older adults 

demonstrate the potential of more personalized models for early alerts of dementia. 
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1. Introduction 

Dementia is a major health concern for older adults affecting 50 million people world- 

wide [1]. As evident from past studies, more than 40% of people with Alzheimer Dis- 

ease (AD) and other types of dementia received a delayed clinical diagnosis of their 

condition [2]. Early diagnosis benefits the patient, allowing timely interventions and 

opportunities to ensure safety and future planning, including caregiver support [3]. 

Early signs of dementia may be present in patients’ evaluations, several years before 

actual diagnosis [4]. 

In this study, we further examine data of the participants serial evaluations in the 

Mayo Clinic Study of Aging (MCSA) dataset to determine whether early changes in 

evaluations accurately predicted later diagnosis of dementia. To this end, we explored 

the contribution of routinely collected neuropsychological test score in combination 

with other clinical data to predict dementia onset. 

We first adopted a streaming clustering algorithm to identify distinct groups of 

dementia patients and to predict early signs of dementia through outliers of clusters. A 
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heuristic approach of monitoring cluster change gives useful insights for prediction 

mechanism. Next, we added the scores of nine neuropsychological tests to enhance the 

performance of prediction algorithms through clusters. We further investigate model 

performance in different age groups and propose sex-specific streaming clustering 

models with age constraint as a new prediction model for dementia patients. 

2. Methods 

This study was approved by the Mayo Clinic and the Olmsted Medical Center 

Institutional Review Boards. The data is acquired from the MCSA [5]. The MCSA is a 

population-based cohort study initiated in 2004 in Olmsted County (MN, USA) to 

study cognitive aging, mild cognitive impairment (MCI) and dementia and its 

biomarkers. It comprises 6,185 participants with serial cognitive evaluations at baseline 

and at follow-up visits approximately every 15 months for a total of 26,807 visits (4.3 

average visits per patient). Among these, 3,070 patients were female (49.6%), and 729 

patients (11.6%) are diagnosed with dementia. The median age of the cohort at baseline 

was 73. 

We adopted MU streaming clustering (MUSC), which is a Gaussian Mixture 

Model (GMM) based on streaming clustering algorithm coupled with possibilistic 

clustering with the goal of identifying signs of early diseases [6]. Since the number of 

clusters in streaming data points is usually unknown, we must automatically determine 

the number of initial clusters in the MUSC model. We use probabilistic C-means 

algorithm [7] and Automatic Merging Possibilistic Clustering Method (AMPCM) [8] to 

cluster the initial data points, detect anomalies and initialize the GMM. After 

initializing the streaming clustering model using a small percent of the data, we feed 

the remaining data samples to the model in a streaming fashion (one sample at a time). 

When a new sample arrives, we compute the Mahalanobis distance to the mean of each 

cluster using given features [9].  

If the distance is less than the pre-specified threshold and new data is closest to 

the cluster, this data point will be added to that cluster. The threshold is set as the 

average distance between data points in existing cluster. When a new data sample is 

appended in existing cluster, the threshold is updated incrementally. If the distance of a 

new data sample is greater than the threshold, it is identified as an outlier and moved to 

the anomaly list. We predict dementia patients by monitoring the visits which are 

flagged as outliers. 

Our previous study with MUSC on the whole MCSA cohort (n = 6,185, 729 

dementia) produced reasonable performance as an unsupervised approach (F-score of 

0.64) [9]. In this study, we further explored the effect of sex and age (i.e., a sex-specific 

model with an age constraint (>=65) with additional features (neuropsychological test 

score, described in the next paragraph) to improve the prediction performance. 

For each evaluation visit a psychometrist administers nine neuropsychological 

tests scores to assess four cognitive domains: (i) memory (Auditory Verbal Learning 

Test (AVLT) delayed response [10], Wechsler Memory Scale-Revised (WMS-R) [5], 

Logical Memory II and Visual Reproduction II); (ii) language (Boston Naming Test 

[11], Category Fluency) [12]; (iii) attention/executive (Trail-Making Test B [6,12], 

Wechsler Adult Intelligence Scale-Revised (WAIS-R), Digit Symbol); and (iv) 

visuospatial (WAIS-R Picture Completion and Block Design [7]). These 
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neuropsychological test score features have been demonstrated to show more effect on 

machine learning models to predict dementia in a supervised setting [13]. 

3. Results 

The original MUSC model was based on 49 features including demographic, physical, 

neuropsychiatric, and social characteristics [9]. We added nine neuropsychological test 

score features to examine their effect on the clustering model. With these added 

features, the model performance was enhanced in terms of precision while maintaining 

a similar F1-score (Table 1). 
Table 1. Dementia prediction for the original MUSC model and MUSC model with added 

neuropsychological test score features (MUSC-NS). 

Model Precision Recall F1-Score 
MUSC 0.56 0.75 0.64 

MUSC-NS 0.62 0.68 0.65 

 

We further investigated the effect of age in the performance of MUSC-NS. 

Although dementia is a condition mainly for older adults, the MCSA participants are 

30 years of age and older. We hypothesized that model performance would improve in 

older adults who are mostly at risk of developing dementia. Therefore, we studied 

model performance in persons >= 65 years, and results are shown in Table 2. As we 

remove younger persons of age of 30 to 64, there was a noticeable improvement in the 

performance against the original MUSC and MUSC-NS (F1-score of 0.64 and 0.65, 

respectively in Table 1), both of which used the cohort of age >= 30. Age played a 

pivotal role in dementia prediction in our clustering model. 
Table 2. Dementia prediction with an age constraint. 

Model Precision Recall F1-Score 

MUSC (age>=65) 0.60 0.78 0.68 

MUSC-NS (age>=65) 0.65 0.77 0.71 

 

We next developed the MUSC model independently on the separate data for each 

sex (M: male, F: female) to account for the difference of dementia risk among males 

and females (Table 3). The experimental results clearly show that the sex-specific 

models significantly outperformed the original MUSC and MUSC-NS model. We 

observed improved performance with slightly higher F1 score for the female-based 

MUSC model as compared to the male-based MUSC model. The sex-specific model 

with an age constraint produced the highest performance (F1-score of 0.77 and 0.78 for 

male and female respectively) against all other models. As dementia is a condition 

prevalent in older adults, a prediction pattern might change due to age differences. 
Table 3. Sex-specific dementia prediction. 

Model Precision Recall F1-Score 

MUSC-NS (M) 0.70 0.73 0.71 

MUSC-NS (F) 0.73 0.72 0.72 

MUSC-NS (M) (age>=65) 0.78 0.77 0.77 

MUSC-NS (F) (age>=65) 0.76 0.80 0.78 
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4. Discussion 

In extension to our previous study for predicting cognitively impaired individuals with 

temporal stream clustering, we investigated the effect of a sex-specific model with an 

age constraint adding nine new neuropsychological test scores. Neuropsychological test 

scores improved model precision showing its discriminatory characteristic but with 

similar F1-score. In this study, we focused on older individuals as the number of older 

people is rising and dementia prevalence is also increasing worldwide. As dementia is a 

prevalent condition in older adults, the cohort with a small portion of younger 

individuals might cause some degree of confusion to the model predictive capability. 

With an age constraint (>= 65), both models with and without the neuropsychological 

test scores showed improved prediction performance (higher for the model including 

neuropsychological test scores). We further explored the role of sex in our clustering 

model and demonstrated significant improvement in prediction when it is coupled with 

an age constraint and neuropsychological test scores. 

Our model is based on unsupervised learning, not requiring labeled dementia 

cases but determining outliers as a dementia case. With limited resources for 

comprehensive assessment and test for accurate dementia ascertainment, an 

unsupervised approach would provide additional benefit for early detection of dementia. 

Considering the current lack of strategies using temporal trends of patients’ health 

conditions in an unsupervised manner for dementia prediction, our models show 

promising potential as an early warning for older adults at higher risk of dementia. 

A limitation of this study includes the use of assessment and test features in the 

MCSA cohort which may not be available in other studies for exact reproducibility. In 

the future, we will extend our studies extracting relevant data elements from routine 

clinical documents for secondary use of EHRs. This study was performed in a single 

research cohort, and result must be replicated in other settings to assess generalizability. 

5. Conclusions 

A sex-specific steaming clustering model with an age constraint demonstrated 

improved capability in dementia prediction when using longitudinal evaluation data. 

Notable incremental improvement was observed when adding age (>= 65) and sex 

(male vs. female model) constraint with added neuropsychological test scores, 

demonstrating a significant role of age and sex in our clustering-based prediction 

model. Our model could facilitate early warning for dementia as clinical decision 

support, addressing delayed diagnosis and improving care plans and health outcomes in 

older adults. 
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