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Abstract 

This study investigated the utility of the cyclic dual latent discovery (CDLD) model in predicting 

cognitive training performance among individuals with mild cognitive impairment (MCI), using data 

from the SUPERBRAIN-MEET randomized controlled trial. CDLD integrates dual deep neural 

networks to model the latent traits of both users and training contents, enabling the prediction of task 

accuracy prior to engagement. The model was trained on 9,607 observations collected from 130 

participants across 166 cognitive training tasks. CDLD demonstrated superior predictive accuracy 

compared to conventional models including random forest, gradient boosting, and matrix 

factorization, achieving a root mean squared error of 0.132 on the test set. Ablation analysis 

underscored the critical contribution of latent traits to prediction performance. Moreover, user latent 

traits showed significant associations with baseline cognitive measures, particularly in visuospatial 

function and immediate memory. These findings suggest that CDLD predicted training performance 

by effectively capturing individual’s cognitive characteristics. By tailoring content with predicted 

user performance, CDLD may optimize training efficacy and engagement in individuals with MCI. 

Keywords: digital cognitive training; prediction; deep learning; personalized therapeutics 

 

Introduction 

Cognitive training is a clinically proven method for preventing dementia progression among at-

risk individuals [1,2]. Recently, we conducted the SoUth Korean study to PrEvent cognitive 

impaiRment and protect BRAIN health through Multidomain interventions via facE-to-face and 
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vidEo communication plaTforms randomized controlled trial (SUPERBRAIN-MEET RCT) and 

demonstrated the effectiveness of multidomain intervention in individuals with mild cognitive 

impairment (MCI) [3,4]. 

The interventions include digital cognitive training, which uses serious games designed to 

enhance a multitude of cognitive functions such as attention, working memory, language and 

calculation, visuospatial ability, and executive functions [3,4]. Studies have demonstrated better 

results from personalized, difficulty-adaptive cognitive training than from conventional training 

programs [5]. Digital cognitive training offers significant advantages over traditional pen-and-paper 

methods because it can continuously monitor in-game data and use it to adjust learning in real time, 

thereby enhancing training effectiveness. 

Training content must be tailored to an individual’s abilities to optimize their learning. To ensure 

effective learning, developers should avoid content that may be too easy or too difficult [6,7]. The 

appropriate difficulty level for an individual can be inferred from their training performance, 

measured through accuracy. Therefore, if we can predict a learner’s training performance before they 

begin cognitive training, we can customize the content to match their optimal difficulty level and 

provide them with a personalized learning strategy. 

We previously developed a novel method called cyclic dual latent discovery (CDLD), which 

predicts user–item interaction scores using the latent traits of users and items through dual deep 

neural networks (DNNs) in a cyclic training process [8]. In this study, we applied CDLD to 

individuals with MCI to assess its ability to predict their training performance (accuracy) using data 

from SUPERBRAIN-MEET RCT. We expect that accurate predictions from CDLD will be a valuable 

tool for optimizing personalized cognitive training. 

Method 

Study Participants 

This study used data from the SUPERBRAIN-MEET RCT intervention group (n = 130). All 

participants had confirmed diagnoses of MCI based on Peterson’s criteria [9] and at least one 

modifiable risk factor for dementia, such as hypertension [10] and diabetes mellitus [11]. 

Study Design 

SUPERBRAIN-MEET is a 24-week, multicenter, outcome assessor–blinded RCT with a two-

parallel-group design (intervention and control). The intervention participants underwent a 

comprehensive 24-week intervention containing five components [3,4]: (1) monitoring and 

management of metabolic and vascular risk factors, (2) cognitive training, (3) physical exercise, (4) 

nutritional education, and (5) motivational enhancement. 

To facilitate the intervention group’s cognitive training, they were provided with tablet PCs 

equipped with SUPERBRAIN, a digitalized cognitive training software for improving one’s attention, 

working memory, language/calculation, visuospatial abilities, and executive functions. Table 1 

summarizes the cognitive tasks on the platform, which were designed to target different cognitive 

functions through engaging and interactive content. Figure 1 presents screenshots of the selected 

games, highlighting the platform’s user-friendly interface and interactive features. Further details on 

the participants and design can be found in the original SUPERBRAIN-MEET RCT [3,4]. 

Table 1. Digital cognitive training in the SUPERBRAIN and associated targeted cognitive functions. 

Content name Task description Targeted cognitive function 

When Will It 

Arrive? 

Players read and compare train tickets to calculate 

arrival times. They must quickly identify the correct 

time based on the given information. 

Language/calculation 
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Treasure Hunt 

Players follow directional arrows to locate hidden 

treasures. They must click on the correct spot based 

on visual cues. 

Visuospatial ability 

Tap the Circles in 

Order 

Players memorize the position and sequence of 

circles on a grid. They must tap them in the same 

order as they appeared. 

Attention 

Tap the Circles in 

Reverse Order 

Players memorize the sequence of circles and tap 

them in reverse order. The first one to appear must 

be tapped last. 

Attention, working memory 

Quickly Collect 

the Fruits 

A central fruit card is displayed, and players must 

quickly identify and click on the matching fruit 

located to the left or right. 

Executive function 

Spot the 

Difference 

Five images are presented, each slightly rotated. 

Players must identify and select the corresponding 

flipped image. 

Visuospatial ability 

Grow the 

Tomatoes 

Players memorize the location and type of crops in 

a field. They must recall and place the correct crops 

in the empty slots. 

Working memory 

Fishing Challenge 

Players identify and catch the correct fish based on 

specific conditions. Factors such as color, pattern, 

and swimming direction change with each level. 

Visuospatial ability 

Remember the 

Previous Card 

Players memorize a card and compare it to a new 

one. They must decide whether the two cards match 

based on the given rule. 

Executive function 

Tap the Numbers 

in Order 

Players tap numbers in ascending order, starting 

from the smallest. 
Attention 

How Much Is It? 

Players add all items on a receipt and enter the total 

into a calculator. Some tasks require comparing 

receipts. 

Language/calculation 

Reverse 

Calculation 

Players view a number or equation that has been 

rotated 180 degrees. They must mentally rotate it 

back and select the correct answer. 

Language/calculation, 

visuospatial ability 

Merge the Shapes 
Players determine the final shape when multiple 

pieces are combined. 
Visuospatial ability 

Crack the 

Honeycomb 

Players add numbers in a honeycomb grid 

according to the given conditions. The goal is to 

complete the correct sum. 

Language/calculation 

Colorful Box 

Sorting 

Players see a sequence of colored boxes at the top 

and tap the matching colors in the same order from 

the options below. Speed and accuracy are key. 

Visuospatial ability 

Touch-Touch 

Card Game 

Players find and tap all cards matching the given 

conditions. The animal’s color, the card’s 

background color, and the animal’s accessories will 

be part of the conditions. 

Visuospatial ability, 

attention 

Press the Number 

in Reverse Order 

Press the numbers in order, starting from the 

largest. Select the largest number from the given 

options, including any results from operations (+, 

−).  

Attention 

Pair Matching 

Remember the types and positions of the pictures 

on the displayed cards and then tap on the 

matching cards that are turned backward to match 

the same cards. 

Working memory 
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Figure 1. Digital cognitive training screenshots: (A) Quickly Collect the Fruit, (B) Grow the Tomatoes, (C) Fishing 

Challenge, and (D) How Much Is It? 

Dataset 

Throughout the 24-week clinical trial, the participants engaged in two 3-minute cognitive 

training sessions daily. Upon the participants’ completion of each activity, their performance data 

(accuracy) was recorded. Accuracy is calculated by dividing the number of correct responses by the 

total number of contents completed within each activity. Because individuals with higher cognitive 

abilities generally complete more items within 3 minutes, we adjusted the accuracy values with the 

number of items taken within that time. 

To eliminate duplicate data resulting from participants repeating the same content multiple 

times, only the performance data from their first attempt were used for analysis. This resulted in a 

dataset containing 9,607 performance data from 130 individuals for 166 training contents. It also 

included the participants’ demographic information, such as age, sex, education level, and APOE ɛ4 

genotype as well as information on training content, such as targeted cognitive domain, 

reinforcement element, type of manipulation, and number of colors used. 

CDLD 

Our previous study provides details on the CDLD model [8], which, in sum, predicts 

performance on content that participants have yet to engage with. CDLD uses a cyclic training 

mechanism with alternating optimization to reveal the latent traits of both users and items. This study 

examined the performance data (accuracy) of participants engaged in cognitive training, with 

accuracy serving as an indirect representation of the latent traits of both participants and the training 

contents. CDLD is built on a dual DNN architecture consisting of CDLD-Discoverer and CDLD-

Predictor networks. CDLD-Discoverer identifies latent traits using measured features and historical 

performance data, which are then inputted into CDLD-Predictor to predict accuracy. Individuals’ 

measured features were age, sex, education level, and presence of APOE ɛ4 genotype, while contents’ 

measured features were targeted cognitive domain, reinforcement element, type of manipulation, 

and number of colors used. The model trained more than 10 epochs for each latent trait (individuals 

and content), and this alternating cycle was repeated for a total of 30 iterations. 
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Statistical Analysis 

Model Performance 

The dataset was randomly shuffled and divided into three subsets in accordance with standard 

practice in comparable benchmarks: 80% for training, 10% for validation, and 10% for testing [12]. 

The model’s performance was assessed using the root mean squared error (RMSE) values across the 

training, validation, and test sets. This stratified split ensured that the model was evaluated on unseen 

data to provide a reliable measure of its generalization capability. Furthermore, the model’s accuracy 

was compared to traditional models including Random forest (RF) [13], gradient boost (GB) [14], and 

matrix factorization (MF) [15]. 

Ablation Analysis 

CDLD-Predictor was designed to estimate accuracy using both latent and measured traits of 

users and items. To determine each trait’s contribution to predictive performance, we conducted an 

ablation analysis in which each of the four trait types (latent and measured, for users and items) was 

independently shuffled before prediction, and the resulting change in RMSE was determined to 

assess its impact. 

Latent Trait Analysis 

After evaluating the role of user latent traits in the prediction of cognitive training outcomes, we 

examined their association with baseline cognitive performance. In the SUPERBRAIN-MEET RCT, 

the participants’ baseline cognitive abilities were assessed using the Repeatable Battery for the 

Assessment of Neuropsychological Status (RBANS). We performed principal component analysis 

(PCA) to address the high dimensionality of the latent trait vectors (640 dimensions) and analyzed 

the resulting PCs using a Gaussian mixture modeling (GMM) to identify latent clusters among 

participants. We also determined the optimal number of clusters based on the Bayesian information 

criterion (BIC) and Akaike information criterion (AIC). Finally, we conducted analysis of variance 

(ANOVA) to check for significant differences in baseline RBANS scores across the identified clusters. 

Results 

A total of 130 participants were assigned to the intervention group, and their demographic 

characteristics are summarized in Table 2. 

Table 2. Participants’ demographic characteristics at baseline. 

Demographics Mean (SD or %) 

Age, year 73.02 (±5.53) 

Education year  10.73 (±4.54) 

Female, n  83 (63.85) 

APOE ɛ4, n  41 (31.54) 

Abbreviation: SD, standard deviation. 

Model Performance 

CDLD demonstrated effective convergence as evidenced by the consistent reduction in training 

and validation losses (Figure 2), which suggests successful learning and generalization. On the test 

set, CDLD achieved a RMSE of 0.132 in predicting performance (Figure 2), and Figure 3 shows a close 

alignment between predicted and actual values. Notably, the RMSE of this model was lower than 

those of traditional models, indicating superior predictive performance (Table 3). 
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Figure 2. Training and validation loss curves of the cyclic dual latent discovery (CDLD) method: (A) CDLD-

Discoverer and (B) CDLD-Predictor. 

Table 3. RMSE values across different models. 

Dataset Test 

CDLD 0.132 

Random forest 0.183 

Gradient boost 0.172 

Matrix factorization 0.160 

Abbreviations: CDLD, cyclic dual latent discovery; RMSE, root mean squared error. 
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Figure 3. Predicted and actual accuracy plots in the test dataset of 130 individuals. Yellow lines represent actual 

accuracy, and orange lines represent predicted accuracy. 

Ablation Analysis 

The ablation analysis showed a substantial increase in RMSE due to the random shuffling of the 

latent traits of either users or items (Table 4), suggesting these traits’ critical role in the model’s 

predictive accuracy. 

Table 4. Ablation analysis results. 

Scenarios RMSE 

Original  0.131 

After ablation  
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 User latent traits  0.190 

 User measured traits 0.133 

 Item latent traits 0.210 

 Item measured traits 0.192 

Abbreviation: RMSE, root mean squared error. 

Latent Trait Analysis 

Following PCA, this study retained 113 principal components (PCs) explaining 95.18% of the 

total variance in the latent traits for further examination. These PCs were then used as input for GMM 

to identify latent participant clusters. Based on the optimal AIC and BIC values, three distinct clusters 

were identified. Through ANOVA, marginal differences were observed in RBANS total scores across 

clusters (F = 2.56, P = 0.08), while two RBANS subdomains—visuospatial function (F = 4.34, P = 0.015) 

and immediate memory (F = 3.34, P = 0.038)—showed statistically significant differences among 

clusters (Table 5). 

Table 5. User latent association study. 

Cognitive function F-statistics P-value 

RBANS total score 2.56 0.080 

RBANS subscore   

 Visuospatial function 4.34 0.015 

 Immediate recall 3.34 0.038 

 Attention 1.25 0.289 

 Delayed recall 0.96 0.385 

 Language 0.739 0.479 

Abbreviation: RBANS, Repeatable Battery for the Assessment of Neuropsychological Status Statistics; values 

were calculated using analysis of variance. 

Discussion 

This study evaluated the ability of the CDLD model to estimate future cognitive training 

performance in individuals with MCI, with several main findings. First, CDLD provided accurate 

training performance predictions, outperforming traditional machine learning models. Second, 

ablation analysis highlighted the crucial role played by latent traits in predicting training 

performance. Finally, these traits were found to be associated with individuals’ baseline cognitive 

function, suggesting that the CDLD model can capture meaningful, individualized representations 

relevant to cognitive status. 

The test set’s RMSE value of 0.132 indicates that CDLD captured complex patterns in user–

content interactions based on both measured and latent features. The model’s superiority over 

traditional methods highlights the value of using latent representations in both users and items 

through cyclic training. 

RF and GB are ensemble-based methods that use decision trees and only explicit, measured 

features [13,14]. Although effective for structured, tabular data, these methods have limited 

generalization ability in highly sparse settings with incomplete user–content interactions [16,17]. In 

the current dataset, each participant interacted with only a small subset of training content, thereby 

creating a sparse matrix. In this context, RF and GB were less effective in capturing latent behavioral 

patterns, increasing RMSE values. 

Meanwhile, MF is a collaborative filtering approach commonly used in recommender systems 

to model user–item interactions by decomposing the interaction matrix into lower-dimensional latent 

factors [15]. Although MF partially addresses sparsity by learning hidden representations, it operates 

under a linear assumption and lacks the flexibility to incorporate auxiliary features (e.g., 
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Furthermore, it does not support the dynamic, iterative refinement of traits based on dual feature 

spaces [18]. 

CDLD integrates the strengths of deep learning and collaborative filtering to outperform these 

models. Specifically, it uses a dual DNN structure that alternately learns users’ and contents’ latent 

traits in cyclic training [8], allowing it to identify high-order, nonlinear patterns that tree-based or 

linear factorization models cannot easily capture. In addition, CDLD’s combination of latent and 

measured traits allows it to benefit from explicit features (e.g., age, education level, APOE status, task 

domain) while modeling latent cognitive characteristics inferred from user performance histories. 

Ablation analysis further supports the critical role of latent traits in prediction accuracy. 

Shuffling user or content latent traits significantly increased the RMSE value, which indicates that 

these traits encode essential information that traditional features alone cannot capture. Because of 

CDLD’s ability to make more informed predictions about unseen user–content interactions as a result 

of such layered representation, it is especially well-suited for adaptive digital therapeutics. 

Interestingly, the clusters obtained from user latent traits showed significant differences in 

individual cognitive performance, supporting the CDLD model’s ability to effectively capture latent 

user representations with meaningful associations with cognitive function. 

This ability to predict performance before actual content engagement has substantial 

implications for digital cognitive training personalization. Studies have emphasized the urgency of 

matching task difficulty to an individual’s ability to optimize cognitive gains and engagement [6,7]. 

The present findings support the feasibility of such personalization by allowing the predictive 

preselection of training content tailored to an individual’s expected performance, which may help 

maximize the efficacy of digital cognitive interventions by minimizing frustration from demanding 

tasks and disengagement from excessively easy ones. 

Several limitations must be considered. First, despite its superior performance, CDLD relies on 

a relatively complex architecture that may limit its scalability in some settings without sufficient 

computational infrastructure. Second, because the model was tested on only one set of data, it must 

be validated using other independent data. Lastly, although accuracy was the performance metric in 

this study, future research may benefit from incorporating additional cognitive and behavioral 

indicators to enrich prediction targets. 

In conclusion, the present study highlights the CDLD model’s potential as a robust, data-driven 

approach to tailor digital cognitive training to individuals with MCI. This model’s accuracy in 

predicting training performance can inform the real-time customization of training content, which 

may enhance its effectiveness and adherence. Future studies should consider integrating these 

predictive algorithms into cognitive training platforms and assess their impact on long-term 

cognitive outcomes. 
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