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High-dimensional routine healthcare records provide an opportunity to identify individuals at elevated risk of Alzheimer’s 

disease before formal diagnosis, but the value of thousands of available variables cannot be judged from predictive 

discrimination alone. This study re-examines an existing machine-learning experiment to determine how aggressive feature-

space reduction affects discrimination, class-balanced performance, and model behavior when Alzheimer’s disease is predicted 

3–4 years before clinical diagnosis. Integrated primary-healthcare and social-service records were used to construct a 4,311-

feature modelling space. Analysis of variance, mutual information, and SHapley Additive exPlanations were used to generate 

25- and 50-feature subsets, which were evaluated against the complete feature space across Logistic Regression, Random 

Forest, Gaussian Naïve Bayes, Multi-Layer Perceptron, XGBoost, and LightGBM. Feature compression produced strongly 

model-dependent effects. The highest AUC was 0.755 for XGBoost using 50 SHAP-selected variables, whereas the highest 

balanced accuracy was 0.668 for Logistic Regression using the same feature count and selection strategy. Several compact 

configurations approached or exceeded the discrimination achieved with all 4,311 variables, but substantial deterioration 

occurred in other model–selection combinations, particularly Gaussian Naïve Bayes with SHAP-selected features. These 

findings indicate that dimensionality reduction cannot be evaluated as a single universally beneficial preprocessing step. 

Compact Alzheimer’s prediction models should instead be judged according to how much discrimination they retain, whether 

balanced performance improves or deteriorates, how strongly results depend on the learning algorithm, and whether reduced 

feature spaces support more stable and interpretable modelling. 
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Introduction 

Alzheimer’s disease (AD) is a progressive 

neurodegenerative disorder whose clinical consequences 

extend beyond cognitive decline to substantial patient, 

caregiver, healthcare, and social-service burden [1]. The 

possibility of identifying individuals at elevated risk 

before formal diagnosis has therefore motivated 

increasing interest in prediction from routinely collected 

healthcare information. Real-world electronic health 

records (EHRs) are particularly attractive because they 

are generated continuously during ordinary care and may 

contain diagnostic, medication, laboratory, utilization, 

and functional signals long before specialist assessment 

occurs [2]. Early prediction has also been linked to 

opportunities for earlier supportive intervention, risk 

 

Received: 25 September 2023; Accepted: 14 December 2023 

Copyright CC BY-NC-SA 4.0 

How to cite this article: Wilson E, De Jong F, Peters L. When Fewer Variables 

Change More Than Accuracy: Model-Specific Generalization and Error Trade-

Offs in Pre-Diagnostic Alzheimer’s Prediction from Routine Health Records. J 

Med Sci Interdiscip Res. 2023;3(2):184-98. 

https://doi.org/10.51847/HrOcaDzUxJ 

Journal of Medical Sciences and Interdisciplinary Research 

 

Abstract 

 

Access this article online                              https://smerpub.com/ 

https://doi.org/10.51847/HrOcaDzUxJ


J Med Sci Interdiscip Res, 2023, 3(2):184-198                                                                                   Wilson et al. 
 

 

 

185 

modification, and clinical assessment, although 

prediction itself must not be equated with diagnosis or 

proven disease modification [3-5]. 

Machine-learning approaches have increasingly been 

applied to dementia and AD prediction using multimodal 

data, administrative health records, claims, imaging, and 

longitudinal clinical information. Deep-learning studies 

have demonstrated that complex representations derived 

from imaging and EHR sources can contribute to disease-

stage classification and progression modelling [6, 7]. 

Register-based work has likewise shown that routinely 

accumulated healthcare information may contain 

longitudinal patterns relevant to later AD diagnosis [8]. 

These developments make routine clinical data an 

appealing alternative or complement to specialized 

biomarkers, particularly where access to advanced 

diagnostic procedures is limited. 

The principal difficulty is dimensionality. Modern EHR 

systems may encode thousands of potentially relevant 

variables across diagnoses, medications, laboratory 

orders, observations, healthcare contacts, procedures, 

home-care records, and other administrative traces [9]. A 

larger feature space can preserve more potentially useful 

information, but it also introduces redundancy, sparsity, 

correlated variables, computational burden, and 

increased difficulty in interpreting fitted models. Feature 

selection is commonly proposed as a way to reduce these 

problems by restricting prediction to variables that carry 

the greatest information for the target outcome [10]. The 

optimal reduction strategy, however, cannot be assumed 

to be independent of the prediction algorithm because 

different learning methods exploit linear associations, 

nonlinearities, interactions, thresholds, and correlated 

inputs differently [11]. 

Existing AD-prediction studies illustrate this 

methodological diversity. EHR-based cohort-discovery 

and risk-stratification work has used machine-learning 

approaches to identify individuals at elevated AD risk 

[12]. Sparse logistic modelling has shown that relatively 

constrained sets of claims-derived variables can support 

dementia prediction [13], while ensemble approaches 

using cognitive features have also applied explicit feature 

reduction before classification [14]. Other studies have 

emphasized explainability and deep architectures for 

understanding disease progression [15], and filter- and 

wrapper-based approaches have been used within models 

predicting AD or mild cognitive impairment trajectories 

[16]. Collectively, these studies establish that variable 

selection can be important, but they do not imply that 

reducing the feature space produces the same effect 

across model families or performance metrics. 

A further issue is that feature-selection studies are often 

interpreted primarily through headline discrimination. A 

reduced model may be described as superior because its 

AUC increases, yet a similar AUC can coexist with 

materially different balanced accuracy, sensitivity, 

specificity, generalization behavior, or distribution of 

classification errors. Conversely, a feature set may retain 

nearly all of the discrimination of a much larger model 

while offering substantially lower dimensionality even if 

its AUC does not numerically exceed the full-feature 

baseline. Evaluating feature compression therefore 

requires examining what information is retained, what 

information is lost, and how different algorithms react to 

the reduced representation. 

The present study reframes an existing AD-prediction 

experiment around this question. Rather than treating 

ANOVA, mutual information, and SHAP primarily as 

competing feature-ranking techniques, the analysis 

examines their 25- and 50-variable subsets as controlled 

perturbations of a 4,311-variable modelling space. The 

objective is to determine how aggressive feature-space 

reduction affects discrimination, class-balanced 

performance, generalization, and classification-error 

profiles across six machine-learning algorithms 

predicting AD from longitudinal routine healthcare and 

social-service records 3–4 years before diagnosis. 

Materials and Methods 

Study population and integrated health/social-care data 

The source dataset comprised integrated records from the 

Primary Healthcare and Social Service systems of 

Kuopio, Finland, covering service use between 2012 and 

2020. The initial population included 26,828 residents 

who were aged at least 65 years in 2015. In this broader 

source population, 58% were female and 42% were male, 

and the mean age was 76 years. 

The information architecture was substantially broader 

than a conventional disease registry. Primary-healthcare 

information was distributed across 25 tables containing 

demographic information, treatment periods, ICD-10 

diagnoses, International Classification of Primary Care 

(ICPC) codes, visit characteristics, home-care 

interruptions, medication records, laboratory requests 

and results, memory tests, service and care plans, risk 

information, vaccination records, imaging referrals, 

procedure codes, and physiological observations. Six 
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additional social-service tables described process 

initiation, assessments, decisions, allocated services, 

payments, and payment liabilities. Secondary processing 

of these health and social data was conducted in a 

controlled audited environment consistent with Finnish 

requirements governing secondary use of health and 

social information [17]. 

The distinction between the broader source population 

and the final modelling cohort was maintained 

throughout analysis. The larger 26,828-person 

population characterized the available healthcare data 

resource, whereas subsequent eligibility criteria and 

AD/control construction produced the cohort used for 

machine-learning evaluation.

Table 1. Dataset and experimental design used for feature-compression analysis 

Component Source-locked specification 

Source population 26,828 adults aged ≥65 years 

Geographic setting Kuopio, Finland 

Source-data period 2012–2020 

Primary-healthcare structure 25 source tables 

Social-service structure 6 source tables 

Final modelling controls 8,005 

Final modelling AD cases 1,524 

Final modelling cohort ratio Approximately 5 controls:1 AD case 

Final modelling cohort mean age 78 years 

Final modelling cohort female proportion 66% 

Candidate feature space 4,311 variables 

Prediction horizon Approximately 3–4 years before diagnosis 

Feature-selection methods ANOVA, mutual information, SHAP 

Reduced feature spaces Top 25 and top 50 

Full-feature comparator All 4,311 variables 

Machine-learning algorithms LR, RF, GNB, MLP, XGBoost, LGBM 

Train/test partition 75% / 25% 

Hyperparameter optimization Grid Search 

Cross-validation Stratified 10-fold CV on training data 

Model-selection metric AUC 

Final evaluation metrics AUC and balanced accuracy with 95% CIs 

 

Cohort definition and temporal prediction window 

AD status was defined using ICD-10 codes G30 and F00. 

To ensure that models were built from sufficiently long 

pre-diagnostic records, individuals with AD were 

required to have at least four years of available historical 

data before the recorded diagnosis date. For controls, 

individuals with documented memory disorders were 

excluded, followed by additional removal of those with 

dementia-related medication records or diagnostic codes 

indicating mild cognitive impairment, unspecified 

dementia, dementia, or memory problems. 

Eligible controls were subsequently matched to the AD 

cohort on age and sex. Primary-healthcare and social-

service information was then integrated using patient 

identifiers. The final modelling population comprised 

8,005 controls and 1,524 AD cases, corresponding to an 

approximately 5:1 ratio. The final cohort was 66% 

female with a mean age of 78 years. 

The longitudinal design was constructed specifically to 

avoid treating information recorded immediately before 

diagnosis as genuinely early predictive evidence. 

Features were generated over four years of historical 

records using six-month intervals, but the six months 

immediately preceding the diagnosis date were excluded. 

The modelling task therefore concentrated on 

information arising approximately 3–4 years before 

formal AD diagnosis. 

Control participants were assigned pseudo-diagnosis 

dates that ensured an equivalent antecedent observation 

period. The resulting design allowed the same temporal 
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feature-construction framework to be applied to AD and 

control participants while reducing the risk that overt 

near-diagnostic manifestations dominated the prediction 

problem. 

High-dimensional feature construction 

Data preprocessing consisted of cleaning, temporal 

feature engineering, categorical encoding, and missing-

data control. Duplicate or erroneous records were 

removed before construction of the modelling variables. 

Categorical events were converted through one-hot 

encoding, whereas numerical features summarized the 

frequency or magnitude of recorded events within the 

prespecified temporal windows. 

The resulting variables represented multiple dimensions 

of healthcare use and clinical status, including diagnostic 

codes, medication categories, numbers and types of 

clinical contacts, professional resources involved in 

visits, laboratory requests, observations, memory testing, 

service and care plans, and selected social-service 

activity. Columns with substantial missingness were 

removed instead of applying imputation. 

After preprocessing, the modelling matrix contained 

4,311 candidate features. This full representation 

constituted the baseline against which aggressive feature 

compression was evaluated. 

Feature compression strategies 

Three feature-selection approaches were used to 

construct reduced representations of the 4,311-variable 

matrix. 

Analysis of variance (ANOVA) ranked individual 

variables according to their capacity to differentiate the 

two outcome classes through the F statistic. The method 

evaluates whether between-class variation is large 

relative to within-class variation and therefore provides a 

univariate filter before classifier fitting [18]. Its use as a 

feature-screening strategy has been described in 

machine-learning applications involving high-

dimensional biomedical data [19]. 

Mutual information (MI) was used as a second pre-

classifier filter. MI measures the shared information 

between a predictor and the outcome and can capture 

statistical dependence without restricting the relationship 

to simple linear association [20]. Feature selection based 

on MI can therefore identify variables that contribute 

information about the target while also providing a 

model-independent ranking before classifier training 

[21]. 

SHapley Additive exPlanations (SHAP) represented the 

post-classifier, model-dependent strategy. SHAP 

attributes a model prediction to individual variables using 

principles derived from Shapley values [22]. The 

underlying allocation concept originates from 

cooperative game theory [23]. For the tree-based models 

in the source experiment, features were ranked using 

their mean absolute SHAP values across the dataset, 

enabling global importance rankings derived from the 

fitted model itself [24]. 

For each selection strategy, two reduced feature spaces 

were constructed: the top 25 variables and the top 50 

variables. These were evaluated against the complete 

4,311-feature space. Thus, feature compression reduced 

the available representation to approximately 0.58% or 

1.16% of the original variable count, respectively. These 

percentages are simple arithmetic descriptions of the 

source-reported feature counts rather than independently 

analysed outcomes. 

Machine-learning models 

Six classifiers were evaluated to determine whether the 

effect of compression depended on model family. 

Logistic Regression (LR) provided a linear probabilistic 

baseline in which input variables are combined through a 

logistic transformation to estimate class probability [25]. 

Its use in health-prediction settings provides a 

comparatively interpretable reference against more 

complex nonlinear models [26]. LR has also been 

combined with feature-selection procedures in AD 

classification research [27]. 

Gaussian Naïve Bayes (GNB) applies Bayes’ theorem 

under a conditional-independence assumption and 

models continuous predictors using Gaussian 

distributions [28]. Its computational simplicity has 

supported its application across multi-disease 

classification problems [29], including health datasets in 

which efficient probabilistic classification is desirable 

[30]. 

Random Forest (RF) is an ensemble method that 

aggregates predictions from multiple decision trees 

constructed using bootstrap samples and randomly 

selected predictor subsets [31]. The resulting diversity 

among trees can improve classification robustness 

relative to individual decision trees [32]. 

The Multi-Layer Perceptron (MLP) represented a 

feedforward neural-network classifier capable of 

learning nonlinear combinations of input variables [33]. 

Such multilayer architectures have been applied to 
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health-risk classification where interactions among 

variables may not conform to simple linear structure [34]. 

XGBoost was included as a gradient-boosted tree 

ensemble in which sequential trees are optimized to 

correct errors from preceding learners [35]. LightGBM 

(LGBM) provided a second gradient-boosting 

implementation designed for computational efficiency on 

large feature spaces through techniques such as Gradient-

based One-Side Sampling and Exclusive Feature 

Bundling [36]. 

The diversity of these six algorithms was central to the 

compression analysis because a feature subset retained 

by one selection strategy was not assumed to have 

equivalent utility for all model classes. 

Training, validation, and performance evaluation 

The complete dataset was divided into a 75% training set 

and a 25% independent test set. Continuous variables 

were standardized before model fitting. Hyperparameters 

were selected through Grid Search combined with 

stratified 10-fold cross-validation performed only on the 

training data. 

AUC was used as the optimization criterion during model 

and hyperparameter selection. Final performance on the 

independent test set was evaluated using both AUC and 

balanced accuracy. Balanced accuracy was particularly 

relevant because the final cohort was imbalanced, and the 

metric gives equal weight to sensitivity and specificity 

rather than allowing the majority class to dominate the 

summary measure [37]. 

The experimental design therefore produced, for each 

classifier, results for the complete 4,311-feature 

representation and for multiple 25- and 50-feature 

configurations generated through ANOVA, MI, and 

SHAP. 

Results and Discussion 

Predictive performance across full and reduced feature 

spaces 

Feature compression did not exert a uniform effect across 

the six algorithms. The highest AUC observed across all 

tested configurations was 0.755 [0.725, 0.785], obtained 

by XGBoost using the top 50 SHAP-selected features. 

The highest balanced accuracy was instead produced by 

Logistic Regression with the same number and selection 

type of variables, reaching 0.668 with a source-reported 

confidence interval rendered as [0.642, 694]. Because the 

upper bound is malformed in the source table, the point 

estimate is retained as reported and the confidence-

interval issue is treated as a transcription inconsistency 

rather than silently presented as independently verified. 

The complete 4,311-feature models remained 

competitive for several algorithms. LR achieved its 

highest AUC, 0.751 [0.726, 0.776], with the complete 

feature set rather than a reduced SHAP model. XGBoost 

likewise produced an AUC of 0.753 [0.728, 0.778] with 

all variables, only 0.002 below its maximum with 50 

SHAP-selected features. For MLP, full-dimensional 

modelling produced a balanced accuracy of 0.615 [0.595, 

0.636], which exceeded every reduced-feature MLP 

configuration. These findings show that dimensionality 

reduction cannot be characterized as uniformly 

performance-enhancing. 

At the same time, substantial compression often 

preserved discrimination remarkably well. LR using only 

25 ANOVA-ranked variables achieved an AUC of 0.748 

[0.721, 0.775], close to its complete-feature AUC of 

0.751. LGBM reached 0.754 [0.729, 0.779] with only 25 

SHAP-selected variables, compared with 0.743 [0.718, 

0.768] using all 4,311 variables. RF obtained its highest 

AUC of 0.732 [0.707, 0.757] with 25 SHAP-selected 

variables, while its complete-feature AUC was 0.728 

[0.703, 0.753]. 

The opposite pattern was evident for GNB under SHAP 

compression. Its complete-feature AUC was 0.621 

[0.596, 0.646], whereas SHAP reduction decreased AUC 

to 0.567 [0.544, 0.590] with 25 variables and 0.561 

[0.538, 0.584] with 50. Balanced accuracy 

simultaneously fell from 0.602 [0.582, 0.623] using all 

variables to 0.497 under both SHAP-reduced 

configurations. In contrast, GNB reached its best AUC of 

0.723 [0.698, 0.748] with the 25 ANOVA-selected 

variables. The direction of the effect therefore depended 

not only on the number of retained variables but on the 

interaction between the selection method and the 

classifier. 

Table 2 presents the complete source-locked 

performance matrix.
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Table 2. AUC and balanced accuracy across full and compressed feature spaces 

Feature condition Metric LR RF GNB MLP XGBoost LGBM 

ANOVA — top 25 
Balanced 

accuracy 

0.603 [0.584, 

0.622] 

0.608 [0.590, 

0.629] 

0.612 [0.591, 

0.633] 

0.594 [0.574, 

0.615] 

0.612 [0.592, 

0.631] 

0.600 [0.581, 

0.621] 

ANOVA — top 25 AUC 
0.748 [0.721, 

0.775] 

0.710 [0.685, 

0.735] 

0.723 [0.698, 

0.748] 

0.738 [0.713, 

0.763] 

0.743 [0.718, 

0.768] 

0.730 [0.705, 

0.755] 

ANOVA — top 50 
Balanced 

accuracy 

0.601 [0.581, 

0.621] 

0.604 [0.585, 

0.624] 

0.612 [0.589, 

0.635] 

0.600 [0.581, 

0.620] 

0.614 [0.595, 

0.634] 

0.609 [0.590, 

0.629] 

ANOVA — top 50 AUC 
0.741 [0.714, 

0.768] 

0.720 [0.695, 

0.745] 

0.685 [0.654, 

0.716] 

0.700 [0.675, 

0.725] 

0.744 [0.719, 

0.769] 

0.732 [0.707, 

0.757] 

MI — top 25 
Balanced 

accuracy 

0.592 [0.573, 

0.612] 

0.598 [0.579, 

0.618] 

0.599 [0.580, 

0.619] 

0.589 [0.569, 

0.610] 

0.604 [0.569, 

0.610] 

0.607 [0.588, 

0.627] 

MI — top 25 AUC 
0.736 [0.709, 

0.763] 

0.708 [0.683, 

0.733] 

0.709 [0.684, 

0.734] 

0.716 [0.691, 

0.741] 

0.744 [0.719, 

0.769] 

0.735 [0.710, 

0.760] 

MI — top 50 
Balanced 

accuracy 

0.600 [0.581, 

0.621] 

0.603 [0.584, 

0.624] 

0.604 [0.585, 

0.623] 

0.596 [0.576, 

0.617] 

0.612 [0.593, 

0.632] 

0.609 [0.590, 

0.630] 

MI — top 50 AUC 
0.739 [0.712, 

0.766] 

0.724 [0.699, 

0.749] 

0.702 [0.677, 

0.727] 

0.699 [0.674, 

0.724] 

0.749 [0.724, 

0.774] 

0.740 [0.715, 

0.765] 

SHAP — top 25 
Balanced 

accuracy 

0.662 [0.640, 

0.684] 

0.589 [0.567, 

0.610] 

0.497 [0.476, 

0.520] 

0.538 [0.517, 

0.560] 

0.597 [0.576, 

0.618] 

0.607 [0.588, 

0.627] 

SHAP — top 25 AUC 
0.723 [0.698, 

0.748] 

0.732 [0.707, 

0.757] 

0.567 [0.544, 

0.590] 

0.730 [0.705, 

0.755] 

0.748 [0.723, 

0.773] 

0.754 [0.729, 

0.779] 

SHAP — top 50 
Balanced 

accuracy 

0.668 [0.642, 

694]* 

0.580 [0.555, 

0.605] 

0.497 [0.472, 

0.521] 

0.545 [0.520, 

0.570] 

0.616 [0.594, 

0.638] 

0.592 [0.571, 

0.614] 

SHAP — top 50 AUC 
0.727 [0.697, 

0.757] 

0.724 [0.699, 

0.749] 

0.561 [0.538, 

0.584] 

0.726 [0.701, 

0.751] 

0.755 [0.725, 

0.785] 

0.751 [0.726, 

0.776] 

Complete 4,311 
Balanced 

accuracy 

0.647 [0.625, 

0.668] 

0.591 [0.571, 

0.611] 

0.602 [0.582, 

0.623] 

0.615 [0.595, 

0.636] 

0.627 [0.607, 

0.647] 

0.615 [0.595, 

0.635] 

Complete 4,311 AUC 
0.751 [0.726, 

0.776] 

0.728 [0.703, 

0.753] 

0.621 [0.596, 

0.646] 

0.650 [0.625, 

0.675] 

0.753 [0.728, 

0.778] 

0.743 [0.718, 

0.768] 

*The LR SHAP-50 balanced-accuracy CI is reproduced as printed in the source and contains a malformed upper bound. No external correction was 

imposed. 

 

How strongly can 4,311 features be compressed without 

losing discrimination? 

The observed results show that an extremely small 

proportion of the original feature space could retain most, 

and in selected configurations all, of the discriminative 

performance of the full-dimensional models. Fifty 

variables represent approximately 1.16% of the 4,311-

variable space, while 25 variables represent 

approximately 0.58%. Despite this reduction, multiple 

compact configurations produced AUCs within a few 

thousandths of, or above, their corresponding complete-

feature models. 

This compression effect was particularly clear for the 

boosting models. XGBoost increased from an AUC of 

0.753 with all features to 0.755 with 50 SHAP-ranked 

variables. LGBM increased from 0.743 with the 
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complete representation to 0.754 with only 25 SHAP-

selected features. RF similarly rose from 0.728 with all 

variables to 0.732 with SHAP-25. These differences were 

numerically modest, but the dimensionality reduction 

was substantial. 

LR demonstrated a different pattern. Its maximum 

discrimination remained associated with the full 4,311-

variable representation, AUC 0.751. Nevertheless, 

reducing the feature space to 25 ANOVA-ranked 

variables produced an AUC of 0.748, indicating that 

nearly all of the observed discrimination could be 

retained with fewer than 1% of the candidate variables. 

The same compression did not preserve every 

performance dimension equally: LR’s balanced accuracy 

increased markedly under SHAP selection even though 

its AUC decreased relative to the complete-feature 

model. 

MLP also illustrates why compression cannot be 

interpreted from AUC alone. Its complete-feature AUC 

was 0.650, whereas ANOVA-25 yielded 0.738 and 

SHAP-25 yielded 0.730. Yet its balanced accuracy was 

highest with all 4,311 variables at 0.615, compared with 

0.594 under ANOVA-25 and 0.538 under SHAP-25. 

Thus, feature reduction could improve ranking 

discrimination while simultaneously reducing class-

balanced classification performance. 

The contrast across these models motivates a 

performance-retention view of dimensionality reduction 

rather than a binary “selection helps/selection harms” 

judgment. 

Model-specific responses to ANOVA, mutual 

information, and SHAP selection 

ANOVA, MI, and SHAP produced distinct patterns 

across classifier families. ANOVA was particularly 

effective for GNB and MLP when only 25 variables were 

retained. GNB achieved its highest AUC, 0.723, under 

ANOVA-25, substantially exceeding its complete-

feature AUC of 0.621. MLP likewise reached its highest 

AUC of 0.738 with ANOVA-25, compared with 0.650 

using all features. Increasing the ANOVA subset from 25 

to 50 did not improve either model’s discrimination; 

GNB declined to 0.685 and MLP to 0.700. 

For LR, ANOVA also preserved high discrimination. 

The top-25 subset produced AUC 0.748, only 0.003 

below the complete model. Expanding to 50 ANOVA 

features reduced AUC slightly further to 0.741. Balanced 

accuracy remained around 0.60 under both 

configurations, below the complete-feature value of 

0.647. Consequently, ANOVA compression retained 

LR’s ranking performance more effectively than its 

class-balanced performance. 

MI generated comparatively moderate effects. For 

XGBoost, AUC progressed from 0.744 with MI-25 to 

0.749 with MI-50, approaching the full-feature AUC of 

0.753. LGBM similarly increased from 0.735 to 0.740 as 

the MI subset expanded from 25 to 50 variables. RF 

reached AUC 0.724 with MI-50 compared with 0.728 

using all features. These patterns indicate that MI could 

produce compact models with relatively limited loss of 

discrimination, although it rarely generated the strongest 

configuration for a given classifier. 

SHAP produced the largest cross-model divergence. Its 

strongest results occurred for XGBoost, LGBM, RF, and 

LR depending on the metric examined. XGBoost 

achieved the study-wide maximum AUC of 0.755 with 

SHAP-50, while LGBM achieved 0.754 with SHAP-25. 

RF reached its own maximum AUC of 0.732 with SHAP-

25. LR, however, displayed a metric trade-off: SHAP-50 

produced the highest balanced accuracy in the entire 

experiment, 0.668, while its AUC fell to 0.727 from the 

complete-feature value of 0.751. 

The same SHAP reduction that benefited selected models 

was detrimental to GNB. Both its discrimination and 

balanced accuracy deteriorated markedly, with AUC 

values of 0.567 and 0.561 for 25 and 50 SHAP features, 

respectively, and balanced accuracy of 0.497 in both 

conditions. MLP also lost balanced accuracy under 

SHAP despite gaining AUC relative to the complete-

feature model. 

These results reject the interpretation of feature 

importance as universally transferable across learning 

algorithms. The empirically strongest feature set 

depended on both the classifier and the performance 

criterion. A subset that improved a boosting model could 

be poorly suited to a probabilistic classifier, while a 

configuration that maximized AUC did not necessarily 

maximize balanced accuracy. 

Generalization of the highest-performing compact 

models 

The performance matrix identified XGBoost and Logistic 

Regression using 50 SHAP-selected variables as 

particularly informative configurations, but for different 

reasons. XGBoost produced the highest AUC in the 

experiment, whereas LR produced the highest balanced 

accuracy. Learning-curve analysis showed that these 
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headline results were accompanied by materially 

different generalization behavior. 

For XGBoost with 50 SHAP-selected features, training 

performance was extremely high when only 10% or 20% 

of the available training observations were used. 

Performance on unseen data was considerably weaker at 

these small training fractions. As progressively larger 

portions of the training set were introduced, training 

performance declined modestly while test performance 

improved. The convergence of the two curves indicates 

that additional data reduced overfitting. Nevertheless, a 

persistent separation remained between training and test 

performance, indicating that the highest-AUC compact 

model continued to exhibit evidence of overfitting. 

LR with the same 50 SHAP-selected variables followed 

a different trajectory. At the smallest training fractions, 

training AUC was again substantially higher than test 

AUC, showing that the linear model was not immune to 

overfitting when fitted with limited data. As training size 

increased, however, the difference between training and 

test performance progressively narrowed. The resulting 

learning curve was more stable than that observed for 

XGBoost, with stronger convergence between training 

and test performance as sample size increased. 

These patterns add an important dimension to the 

comparison of compact models. XGBoost achieved the 

strongest discrimination on the independent test set, but 

its learning curve suggested greater sensitivity to 

training-sample size and residual overfitting. LR did not 

achieve the highest AUC, yet its learning behavior 

indicated comparatively more stable generalization with 

increasing data. Consequently, selection of a compact 

model cannot be based solely on the single maximum 

test-set AUC. 

Contrasting error profiles of XGBoost and logistic 

regression 

The difference between XGBoost and LR became more 

consequential when prediction errors were examined 

directly. The independent test set contained 381 

individuals with AD and 2,002 controls. Despite 

XGBoost having the highest AUC, its classification 

errors were heavily concentrated among AD cases. 

XGBoost with 50 SHAP-selected features correctly 

identified 92 of the 381 AD cases and misclassified 289 

AD cases as controls. Only 17 controls were incorrectly 

classified as AD. Thus, the model strongly favored 

correct identification of the control class while failing to 

identify a large proportion of individuals who 

subsequently received an AD diagnosis. 

LR produced the opposite error pattern. With the same 

50-feature SHAP configuration, it correctly classified 

247 AD cases and missed 134. This substantial increase 

in AD detection was accompanied by 625 control 

participants being incorrectly labelled as AD. LR 

therefore captured substantially more of the positive class 

but produced a much larger false-positive burden. 

The contrast shows why neither the highest AUC nor the 

highest balanced accuracy should be interpreted in 

isolation as evidence of universal superiority. XGBoost 

generated very few false-positive classifications among 

controls but missed many AD cases. LR detected many 

more AD cases while incorrectly classifying substantially 

more controls. These are qualitatively different model 

behaviors even though both configurations emerged as 

leading models under the aggregate evaluation metrics.

Table 3. Classification-error profiles of the leading 50-feature SHAP models 

Error-profile component XGBoost + SHAP-50 Logistic Regression + SHAP-50 

Total AD cases in test set 381 381 

AD correctly identified 92 247 

AD missed and classified as control 289 134 

Total controls in test set 2,002 2,002 

Controls incorrectly classified as AD 17 625 

Controls correctly classified* 1,985 1,377 

Dominant classification pattern 
Very few false positives but many 

missed AD cases 

More AD cases detected but 

substantially more false positives 

Source-supported interpretation High specificity, low sensitivity for AD Higher sensitivity, poorer specificity 

*Correct-control counts are arithmetic derivations from the reported total controls and false-positive counts; they were not separately reported as 

new analyses. 



Wilson et al.                                                                                     J Med Sci Interdiscip Res, 2023, 3(2):184-198  
 

 

 

192 

 

The error profiles are displayed graphically in Figure 1 

to distinguish aggregate performance from the 

distribution of classification mistakes.

 

 
Figure 1. Divergent error profiles of XGBoost and Logistic Regression after reduction to 50 SHAP-selected 

variables. 

Paired error fields show classification outcomes for 381 AD cases and 2,002 controls in the independent test set. 

XGBoost correctly identifies 92 AD cases, misses 289, and falsely identifies 17 controls as AD. Logistic 

Regression correctly identifies 247 AD cases, misses 134, and falsely identifies 625 controls as AD. Bar 

proportions are direct arithmetic from the reported confusion-matrix counts. The figure emphasizes that the two 

leading compact models produce materially different error distributions. 

 

Predictive information retained in the selected features 

Feature compression also clarified which categories of 

routine information remained influential when thousands 

of candidate variables were reduced to small subsets. 

Across the pre-classifier rankings, age was consistently 

one of the strongest discriminators. Diagnostic and 

symptom-related variables associated with memory 

impairment, dementia, and mild cognitive impairment 

also appeared prominently. 

ANOVA and MI rankings included ICPC and ICD-10 

variables related to dementia and cognitive impairment, 

home-care activity, service and care planning, memory 

assessments, follow-up encounters, and medication use. 

The post-classifier SHAP rankings similarly retained age 

and memory-impairment information but also 

emphasized patterns of healthcare utilization. 

For XGBoost, the highest SHAP-ranked feature was age, 

followed by residential zip code and an ICPC memory-

impairment indicator. Other leading variables included 

the number of medications, numbers and modes of 

healthcare contacts, laboratory requests, contacts with 

nurses and physicians, and cardiovascular and infectious-

disease medication categories. LGBM yielded a broadly 

similar pattern, with age, memory impairment, zip code, 

medication counts, laboratory requests, and healthcare-

contact variables appearing prominently. 

These rankings should not be interpreted as causal 

estimates of AD risk. A variable may receive high 

predictive importance because it captures clinical 
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manifestations, multimorbidity, healthcare engagement, 

diagnostic activity, or correlated patterns in the dataset. 

Feature importance therefore describes contribution to 

the fitted prediction model, not proof that changing the 

variable would alter disease risk. 

One notable result was the comparatively limited 

presence of social-service variables among the strongest-

ranked predictors. Although the study deliberately 

integrated primary-healthcare and social-service records, 

the leading selected features were derived mainly from 

primary healthcare. Several explanations remain 

possible. Primary-healthcare records may have contained 

greater clinical granularity, relevant social-service 

activity may have occurred later in the disease trajectory, 

or the available social-service variables may have 

required representations different from those used in the 

present modelling pipeline. The finding therefore does 

not establish that social-service information lacks value; 

it shows only that such variables were not prominent 

among the strongest predictors under the tested feature-

construction and selection procedures. 

The reframed analysis reveals that aggressive reduction 

of a 4,311-variable routine-healthcare feature space can 

preserve substantial predictive information, but the 

consequences of compression depend strongly on the 

learning algorithm, selection method, and performance 

criterion. Compact models using only 25 or 50 variables 

sometimes approached or exceeded their complete-

feature counterparts, yet the same form of reduction 

could also produce substantial deterioration. The central 

empirical finding is therefore not that fewer variables are 

inherently superior. It is that dimensionality reduction 

changes model behavior in ways that cannot be 

understood from feature count or AUC alone. 

Feature compression does not affect all models equally 

A central assumption behind feature selection is that 

removing uninformative or redundant variables should 

simplify the learning task without eliminating important 

predictive information. The observed results provide 

partial support for this principle but also show its limits. 

For XGBoost, LGBM, and RF, small SHAP-selected 

subsets retained strong discrimination. XGBoost 

achieved its maximum AUC using only 50 SHAP-ranked 

variables, and LGBM achieved its maximum with 25. In 

these models, aggressive feature reduction was 

compatible with performance at least comparable to that 

of the complete feature set. 

GNB showed the clearest counterexample. Its strongest 

AUC occurred with 25 ANOVA-selected variables, 

whereas SHAP-based reduction caused pronounced 

deterioration. This difference is important because it 

demonstrates that a feature set judged influential within 

one modelling framework does not automatically 

preserve the information required by another. MI and 

ANOVA rank variables independently of the 

downstream classifier, while SHAP-derived selection 

reflects how a fitted model uses its variables [22]. A 

model-dependent importance ranking can therefore 

encode interactions or dependencies that are useful for 

the model from which the ranking was obtained but less 

suitable for another algorithm. 

The same principle appears in previous AD feature-

selection research. Sparse approaches have demonstrated 

that restricted predictor sets can support useful AD 

prediction [13], while feature-selection studies have 

emphasized that the relative performance of different 

reduction strategies depends on the data representation 

and classifier [38]. The present results extend that issue 

by showing that compression should be regarded as a 

model-specific intervention rather than a universally 

transferable preprocessing step. 

AUC alone conceals important model behavior 

AUC remained an important discrimination measure in 

the experiment, but the comparison between XGBoost 

and LR illustrates why it cannot provide a complete 

account of model behavior. 

XGBoost with 50 SHAP variables produced the highest 

AUC, 0.755, but its balanced accuracy was 0.616. LR 

with the same feature count and selection strategy 

achieved a lower AUC of 0.727 but a substantially higher 

balanced accuracy of 0.668. The two metrics therefore 

favored different aspects of performance. 

This divergence is particularly important in an 

imbalanced dataset. AUC summarizes a model’s ability 

to rank positive cases above negative cases across 

classification thresholds. Balanced accuracy instead 

assigns equal importance to performance in the positive 

and negative classes [37]. A model may therefore 

demonstrate strong ranking discrimination yet perform 

poorly for one class at the operational classification 

threshold. 

The learning curves add another layer. XGBoost’s high 

test AUC coexisted with a persistent train–test 

performance gap, whereas LR demonstrated a stronger 

tendency toward convergence as additional training data 
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were introduced. Consequently, the highest observed 

AUC did not correspond automatically to the strongest 

evidence of generalization stability. 

This does not invalidate the use of AUC. It shows that 

feature-compression studies should avoid interpreting a 

small difference in AUC as sufficient evidence that one 

compact model is universally preferable. Discrimination, 

class balance, learning behavior, and error distribution 

address different aspects of predictive performance. 

Compact models create different clinical error trade-offs 

The confusion matrices made the distinction between the 

two leading compact configurations particularly clear. 

XGBoost missed 289 of the 381 AD cases but generated 

only 17 false-positive classifications among 2,002 

controls. LR missed 134 AD cases but falsely classified 

625 controls as AD. 

These errors cannot be treated as interchangeable. In a 

hypothetical risk-stratification setting, missing an 

individual who later develops AD and incorrectly 

flagging an individual who does not develop AD can lead 

to different downstream consequences. The current 

experiment was not designed to establish which balance 

is clinically preferable, and such a judgment would 

require explicit consideration of intended use, prediction 

thresholds, follow-up procedures, costs, and potential 

harms. 

The appropriate inference is narrower: aggregate metrics 

conceal materially different error structures. Model 

selection for early AD risk prediction should therefore 

include explicit examination of false negatives and false 

positives rather than relying solely on the highest AUC 

or a single summary score. 

Previous work using EHR-derived data has likewise 

emphasized the importance of translating statistical 

prediction into interpretable risk stratification [12]. 

Explainable AD-prediction models have also sought to 

make the contribution of individual variables more 

transparent [39]. The present results indicate that 

interpretability should extend beyond explaining which 

features matter to explaining what types of errors a model 

systematically produces. 

Why model-specific feature selection matters 

The interaction between feature-selection method and 

classifier was one of the strongest recurring patterns in 

the results. SHAP produced excellent compact 

configurations for several ensemble models and a 

substantial balanced-accuracy improvement for LR, yet 

it performed poorly with GNB. ANOVA produced the 

best AUC for both GNB and MLP, while MI generally 

preserved moderate performance without dominating the 

best results. 

These differences can be understood in relation to how 

selection procedures represent information. ANOVA 

evaluates univariate class separation. MI evaluates 

dependence between a feature and the target. SHAP 

measures contributions in the context of a fitted 

prediction model. None of these quantities is identical to 

a universally valid measure of “feature quality.” 

SHAP was originally developed as a framework for 

attributing predictions to input variables [22], and its 

application to AD and disease-prediction models has 

increasingly been used to improve interpretability [15]. 

Using SHAP-selected variables as a reduced input space 

extends that interpretability logic into feature 

compression. The present experiment nevertheless shows 

why such use should remain model-sensitive. Features 

that are highly influential within a tree ensemble may not 

provide an equivalent representation for an algorithm 

whose assumptions and decision structure differ 

substantially. 

Accordingly, the analysis does not support the 

proposition that SHAP, ANOVA, or MI should be 

selected in advance as the universally superior approach. 

The more defensible strategy is to evaluate selection and 

classifier combinations jointly. 

Interpretability and computational implications 

Reducing 4,311 candidate variables to 25 or 50 offers an 

immediate interpretability advantage: the analyst can 

examine a substantially smaller set of predictors while 

retaining meaningful discrimination in several 

configurations. Explainability is particularly relevant in 

health-related prediction because high-performing 

models built on thousands of opaque variables may be 

difficult to interrogate or communicate [40]. 

The reduced models also provide a more manageable 

basis for examining whether influential variables are 

clinically plausible, potentially redundant, or closely 

related to diagnostic activity. In the current experiment, 

compact rankings repeatedly brought age, cognitive and 

memory-related codes, medication patterns, laboratory 

use, and healthcare-contact variables to the foreground. 

The source study additionally identifies reduced 

computational requirements as a practical advantage of 

feature selection. No direct computational-time or 

resource measurements were reported, however, so the 
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present analysis does not quantify that benefit. The 

defensible conclusion is simply that reducing the number 

of inputs can simplify the model representation and may 

reduce processing demands, while the magnitude of any 

computational advantage was not measured here. 

Interpretability must also be distinguished from 

causality. SHAP values and other feature-importance 

measures describe how variables contribute to prediction; 

they do not establish that the selected variables cause AD. 

The same caution applies to utilization variables and zip 

code. Their predictive contribution may reflect 

healthcare access, clinical surveillance, multimorbidity, 

geographic patterns, or other unmeasured structures. 

These signals may still be useful for prediction without 

being appropriate targets for intervention. 

Limitations and future directions 

Several limitations constrain interpretation of the results. 

First, the data originated from a single geographic region 

in Finland. Local characteristics of the population, 

healthcare organization, coding practices, service 

availability, and record structures may therefore limit 

transportability to other regions or health systems. 

External validation is necessary before assuming that 

either the compact feature sets or their model-specific 

performance patterns would reproduce elsewhere. 

Second, the final modelling cohort was substantially 

imbalanced, with 8,005 controls and 1,524 AD cases. 

Balanced accuracy was included to reduce the 

interpretive problems associated with majority-class 

dominance, but the confusion matrices show that class 

imbalance remained relevant to model behavior. Future 

work could investigate class weighting, resampling, or 

other imbalance-management strategies, provided these 

approaches are evaluated without contaminating 

independent test data. 

Third, the study relied on primary-healthcare and social-

service records and did not incorporate specialized 

biomarker modalities such as neuroimaging. Multimodal 

studies have shown that imaging and EHR information 

can be combined in AD prediction [6, 7]. Whether such 

information would materially alter the feature-

compression patterns observed here cannot be 

determined from the current experiment. 

Fourth, hyperparameters were optimized through Grid 

Search. This provided a systematic search over the 

defined parameter spaces but did not establish that global 

optima were found. Alternative optimization procedures 

were proposed in the source study for future investigation 

but were not evaluated experimentally here and should 

not be interpreted as part of the present results. 

Fifth, the learning curves indicated residual overfitting, 

particularly for XGBoost with 50 SHAP-selected 

variables. Larger datasets, additional regularization, 

alternative parameter tuning, and independent external 

validation could help determine whether this gap reflects 

limited sample size, model complexity, or dataset-

specific structure. 

Sixth, feature stability across cross-validation folds was 

not systematically quantified. A compact feature set is 

more convincing when the same variables are repeatedly 

retained under changes in training sample and validation 

partition. Future analyses should therefore assess 

selection stability in addition to predictive performance. 

Finally, feature importance was evaluated primarily as a 

predictive concept. Several highly ranked variables, 

including memory-related diagnostic codes and 

healthcare-use measures, may partially reflect clinical 

recognition processes occurring before formal diagnosis. 

The design excluded the final six months before 

diagnosis, but the extent to which individual features 

represent underlying disease processes, emerging 

symptoms, or preceding diagnostic activity remains 

unresolved. 

Conclusion 

Reducing a 4,311-variable routine health-record feature 

space to only 25 or 50 variables can preserve, and in 

selected model–selection combinations modestly 

improve, predictive performance for Alzheimer’s disease 

several years before diagnosis. The effect is not 

universal. It depends strongly on the machine-learning 

algorithm, feature-selection strategy, and performance 

dimension being examined. 

XGBoost using 50 SHAP-selected variables achieved the 

highest AUC, whereas Logistic Regression with the same 

feature count achieved the highest balanced accuracy. 

Their learning curves and confusion matrices further 

showed that these aggregate results concealed markedly 

different behavior: XGBoost retained stronger 

discrimination but showed greater evidence of overfitting 

and missed many AD cases, while Logistic Regression 

detected substantially more AD cases at the cost of 

considerably more false-positive classifications. 

Feature compression should therefore be evaluated as 

more than a search for the subset producing the highest 

AUC. Its value depends on how much discrimination is 
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retained, whether class-balanced performance improves, 

how stable the model becomes as training data increase, 

and what kinds of errors the resulting classifier produces. 

In high-dimensional routine healthcare data, fewer 

variables can be sufficient—but whether fewer variables 

produce a better model remains model- and purpose-

dependent. 
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