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Cognitive impairment is a common health problem. However, it is often ignored in primary healthcare 
due to complex examination. To develop biomarkers through easily accessible blood tests, we 
conducted a cross-sectional analysis including 2806 healthy Chinese adults aged over 60 years old who 
finished the cognition assessment though Mini-Mental State Examination as well as blood routine and 
biochemical examination from four communities in China between July 2020 and September 2021. The 
blood biomarkers commonly selected by RFE and LASSO with cross-validation in the training dataset 
were levels of hemoglobin, high density lipoprotein, alkaline phosphatase, direct bilirubin, globulin, 
creatinine, magnesium, and calcium. We developed XGBoost, logistic regression and SVM models 
with cross-validation in the training dataset and then evaluated their performance by the receiver 
operating characteristic curves, F1 score and decision curve analysis in the test dataset. The accuracies 
of the eight biomarkers in XGBoost, logistic regression and SVM models were 0.880 (0.846–0.915), 
0.851 (0.812–0.889), and 0.852 (0.814–0.890) with confirmed clinical utility to predict cognitive 
impairment separately. Cognitive impairment can be predicted based on blood routine and biochemical 
examination with good discrimination, which could be helpful in detection and intervention at primary 
care.
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Cognitive impairment in older adults is a major global health concern for its huge economic and social burden1, 
particularly for low- and middle-income countries whose prevalence ranged from approximately 10 to 55%2,3. 
Subjects suffering from cognitive impairment have difficulty in the basic tasks of daily living, leading to a 
decrease in life quality and a remarkable increase in mortality4. Cognitive decline can also dramatically impair 
health in elderly individuals5. The previous studies highlighted that many disorders, like obesity, cardiovascular 
diseases, chronic infections, etc., had a close relationship with cognitive impairment6–8. However, the short 
duration of most primary care visits and time-consuming assessment tools intensify the challenge of motivation 
to assess cognition in older adults9. Moreover, some patients would try to remember answers after repeatedly 
finishing questionnaires, while there are no high-sensitive tools that can be repeated multiple times currently10. 
Furthermore, the early detection of cognitive impairment is also challenging due to the barriers associated with 
perceived stigma, which may compromise the physician–patient relationship10. Thus, an immediate need for 
identifying objective, point-of-care biomarkers from easily accessible data arises.

Blood-based biomarkers are widely accessible, minimally invasive, and less time- and cost-consuming, which 
is expected to play a key role in large-scale cognitive screening to accommodate the global rising incidence of 
cognitive impairment and to prepare the availability of therapies for cognitive impairment10. Though various 
proteins, including neurofilaments, Aβ, and tau, could be tested through blood samples to distinguish cognitive 
impairment, the methods are still complex, costly, and low sensitivity, which are not suitable in primary 
care11,12. Recent studies found many indicators based on blood routine and biochemical examination, which are 
inexpensive and accessible in primary care, including hemoglobin, platelets, the concentration of physiological 
ions, etc., were relevant to cognitive impairment13–15. Nevertheless, there remains no consensus regarding which 
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blood markers are most suitable for the accurate assessment of cognitive impairment. On the other hand, the 
cognitive-related health issues that should be paid more attention still need to be explored. The blood routine 
and biochemical examination are sensitive to many pathological changes in the body16. The impact of cognitive 
impairment could also be screened out by blood indictors17, which also help to increase the concerns of cognitive-
related health issues and the timing of cognitive screening in primary care. To develop an accurate, cost-effective, 
scalable blood biomarker-based model for cognitive decline detection in primary care, we developed a cross-
sectional study among community-dwelling older adults.

Material and methods
Study design and population
This cross-sectional analysis was based on the Southwest China Natural Population Cohort Study (NPCS), 
an ongoing prospective population-based cohort study in community-dwelling adults18. Briefly, 24,186 
participants aged 20 years or older were recruited from four communities of Sichuan Province, including 3 plain 
communities (< 500 m) and 1 high-altitude community (> 2000 m) between July 2020 and September 2021. 
In each community, temporary assessment clinics were set up in residential centers. All participants attending 
the study were invited to record their demographic characteristics, medical histories, and physical examination 
data. Among these participants, 2941 participants aged over 60 years completed the interview and Mini-Mental 
State Examination (MMSE). We further excluded subjects without blood biomarker tests (n = 2), as well as those 
with severe physical diseases, including self-reported stroke or tumor history (n = 133). Finally, a total of 2806 
community-dwelling older adults applied to blood routines and biochemical examinations were included in this 
analysis (Fig. 1).

Ethics declarations
The study was approved by the Ethics Committee of West China Hospital, Sichuan University (2,020,145) and 
conformed to the ethical guidelines of the 1975 Declaration of Helsinki. Written informed consent was issued 
by all participants.

Clinical characteristics and blood biomarkers
Sociodemographic characteristics, including age, sex, body mass index (BMI), education, smoking status, and 
alcohol drinking, were collected through the structured questionnaire conducted by trained clinicians via face-
to-face interviews. We used standard Chinese cutoff points to define underweight (BMI < 18.5 kg/m2), normal 
(18.5 ≤ BMI < 24 kg/m2), overweight (24 ≤ BMI < 28 kg/m2), and obesity (≥ 28 kg/m2)19. Level of education was 
measured by the highest level of education completed in China or equivalent elsewhere, which was categorized 
as no education, primary educational level, middle educational level, and high educational level. Smoking 
was defined as having at least one cigarette per day for more than 1 year. Alcohol consumption was defined 
as having at least one drink a week for more than half a year. Venous blood samples, routinely drawn after 
an overnight fast via antecubital vein puncture, were processed for blood-test indicators adhered to standard 
operating procedures as described in previous study18. The regular blood-test indicators included red blood cell 
(RBC), hemoglobin (Hb), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration 
(MCHC), platelet, white blood cell (WBC), neutrophil count (NC), monocyte (MC), lymphocyte (LC), 
cholesterol, low density lipoprotein (LDL), high density lipoprotein (HDL), triglyceride, fasting glucose, TyG 

Fig. 1.  Study flow diagram.
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index, total protein, globulin, albumin, albumin to globulin ratio (AGR), glutamyl transpeptidase (GT), alanine 
aminotransferase (ALT), aspartate aminotransferase (AST), lactate dehydrogenase (LDH), alkaline phosphatase 
(ALP), hydroxybutyrate dehydrogenase (HBDH), creatine kinase (CK), total bilirubin, direct bilirubin, indirect 
bilirubin, bile acid, potassium, sodium, calcium, magnesium, chloride, inorganic phosphate, urea, uric acid, 
creatinine, and cystatin C. We also added inflammatory indicators based on the regular blood-test indicators, 
including NC/HDL ratio (NHR), NC/LC ratio (NLR), MC/HDL ratio (MHR), LC/HDL ratio (LHR), platelet/
HDL ratio (PHR), platelet x neutrophil-to-lymphocyte ratio (SII), monocyte x neutrophil-to-lymphocyte ratio 
(SIRI), and neutrophil x platelet x monocyte-to- lymphocyte ratio (AISI).

Assessment of cognitive function
MMSE was used to assess global cognition, which had been widely used in communities due to its practicality20. 
The evaluation of MMSE with scores ranging from 0 to 30 encompassed five major aspects, including orientation, 
concentration, immediate memory, delayed recall, and language. The higher scores of MMSE indicated better 
cognitive function, and the cutoff of 24 points on the MMSE was used to detect cognitive impairment according 
to previous published findings21,22. All on-site assessments were audio-taped for purposes of quality assurance, 
and an experienced physician team reviewed and double-checked all data to guarantee accuracy.

Statistical analysis
Participants were categorized based on the presence or absence of cognitive impairment, and their blood test 
indicators were examined and compared through descriptive analysis. A four-stage strategy was employed, 
incorporating data preprocessing, feature selection, predictive model development, and model performance 
evaluation, to assess the effectiveness of blood test indicators in predicting cognitive impairment. All analyses 
were performed using R version 4.3.2.

Data preprocessing
In order to handle noise in the data, we applied standard deviation filtering to the numerical variables. 
Outliers (falling outside the 99% confidence interval) were replaced with a value that was the mean and 2.58 
times standard deviation. No participants were excluded during noise filtering. We also employed the Inverse 
Probability of Treatment Weighting (IPTW) approach to control for the potential influence of confounding 
factors on the model outcomes. Specifically, covariates, including gender, age, education level, BMI, smoking, 
and alcohol consumption, were incorporated through a weighting scheme. Then, we split the data set according 
to the ratio of 7:3 to construct the training set and the test set. The training set was used for feature selection and 
model training, and the test set was employed to test the performance of different models based on the selected 
indicators.

Feature selection
We employed two primary methods for feature selection using the training dataset. The first approach was the 
least absolute shrinkage and selection operator (LASSO) binomial regression, a linear regression technique with 
L1 regularization, which shrank coefficients to zero, thereby selecting relevant features. In the second approach, 
we used Recursive Feature Elimination (RFE), an iterative approach that identified the optimal subset of features 
and systematically removed the least important ones based on their weight rankings. This process continued 
until the desired number of features was achieved. We employed a random forest model as the base estimator for 
RFE. Both of RFE and LASSO approaches were validated using tenfold cross-validation to select stable features. 
Finally, we selected the common indicators of two screening methods as biomarkers of cognitive impairment. 
Bootstrapping was also incorporated to validate the reliability of the features identified through the combined 
application of these two approaches.

Predictive models development
We employed three machine learning algorithms to assess the predictive capacity of blood biomarkers of 
cognitive impairment: a linear model (logistic regression) and two non-linear models (support vector machine, 
SVM; eXtreme Gradient Boosting, XGBoost). The rationale for selecting both linear and non-linear models was 
to capture a broad spectrum of potential relationships between the features and the outcome variable, thereby 
ensuring a comprehensive evaluation. XGBoost and SVM were chosen as our non-linear models since they have 
performed well on biomedical research and typically have fewer hyperparameters, which reduces the risk of 
overfitting23. Hyperparameter tuning for each model was also performed using grid search. The three models 
were cross-validated using tenfold cross-validation to mitigate overfitting.

Performance evaluation
The predictive performance of the selected features across the three models was evaluated in the test dataset 
by Receiver Operating Characteristic (ROC) curve analysis, F1 score, and decision curve analysis (DCA). The 
F1 score involved two metrics: Recall and Precision. Recall focused on the model’s accuracy in identifying all 
participants with cognitive impairment, and Precision focused on the accuracy of the model in predicting 
cognitive impairment among participants who were actually suffering from it. The F1 score was calculated by 
the formula:

	
F 1 = 2 × P recision × Recall

P recision + Recall
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Results
Characteristics of study participants
The baseline characteristics of community-dwelling older adults are shown in Table 1. The study included 2806 
participants with a median age of 67.75 years (1146 men [40.84%] and 1660 women [59.16%]). Using a cut-off 
value of 24 (MMSE), the number of participants with cognitive impairment was 507 (18.07%). Age, gender, 
BMI, education, smoking, and alcohol consumption in participants with cognitive impairment were all different 
from those of participants without cognitive impairment. In terms of blood tests, 31 of 39 basic blood-cell and 
biochemical variables were associated with the risk of cognitive impairment (p < 0.10) in a univariate analysis 
(Table 1). It also revealed 6 of 9 markers of inflammation calculated through regular blood indicators were 
higher in participants with cognitive impairment.

Blood predictors selection
Considering the baseline (age, gender, BMI, education, smoking, and alcohol consumption) of participants 
with cognitive impairment was unbalanced with that of participants without cognitive impairment, we adjusted 
these covariates. The standardized mean differences (SMD) were all no more than 0.15 which were considered 
indicative of good balance after adjustment. (Fig. 2A and Supplementary Table 1). Then, we divided the dataset 
into training (n = 1964) and test (n = 842) sets to identify blood biomarkers of cognitive impairment and select a 
better machine learning algorithm for clinical applicability.

The blood biomarker selection was performed in the training dataset. The top 15 features were chosen by RFE 
across a total of 48 features (Fig. 2B). The importance scores of the features selected through RFE were all more 
than 5 (Fig. 2C). Lasso regression was also used within the cross-validation loop to prefilter blood indicators 
(Fig. 2D). Thirteen potential predictors of blood indicators were chosen in the training dataset through LASSO 
regression (Fig.  2E). We finally remained 8 blood predictive features of cognitive impairment, which were 
supported by both LASSO and RFE (Fig.  2F). The 8 biomarkers of cognitive impairment were hemoglobin, 
HDL, direct bilirubin, ALP, globulin, creatinine, magnesium, and calcium. The bootstrapping validation 
showed that the biomarkers had high usage frequency, indicating a certain stability of feature selection process 
(Supplementary Table 2).

The development and performance of different models
We then built three model-based algorithms, including XGBoost, SVM, and logistic models, and updated the 
models that they were trained on. Figure 3A show the clinical predictive accuracy of different models constructed 
by the biomarkers. The area under receiver operating characteristic curves (AUC) of the logistic model was 
0.851 (95% CI 0.812–0.889) with 90.2% of sensitivity (95% CI 85.3–94.4%) and 95.4% of specificity (95% CI 
93.1–97.1%). As for the SVM, the AUC was 0.852 (95% CI 0.814–0.890) with 90.2% of sensitivity (95% CI 84.6–
95.1%) and 95.1% of specificity (95% CI 93.1–96.8%). The AUC of XGBoost was 0.880 (95% CI 0.846–0.915) 
with 93.0% of sensitivity (95% CI 88.1–96.5%) and 95.7% of specificity (95% CI 93.8–97.3%). The F1 scores of 
the biomarkers in XGBoost, SVM and logistic models were 0.93 (95%CI 0.91–0.94), 0.92 (95% CI 0.91–0.94) and 
0.92 (95% CI 0.91–0.94), respectively (Fig. 3B). All of the three models were more than 0.9, and XGBoost model 
also performed best among the three machine algorithms.

The clinical usefulness of predictive models was determined by the decision curve analysis (DCA), which 
could quantify the net benefits at different threshold probabilities in the test dataset (Fig. 3C). On DCA, all of 
the models displayed obvious clinical net benefit with a wide range of threshold probability. The threshold range 
of prediction probability was 0.07–0.67 in XGBoost. The logistic model and SVM model achieved 0.05–0.69 and 
0.03–0.68 respectively.

Discussion
It is necessary to accommodate the implementation of public and healthcare providers focused on cognitive 
impairment screening and related interventions for the global rising incidence of dementia. Many indicators 
of easily accessible blood routine and biochemical examination have been reported to be related to cognitive 
impairment or provide a clue of the diseases related to cognitive impairment. Thus, we developed a predictive 
model based on the blood tests for cognitive impairment among older adults. We found the machine algorithm 
with the predictors only from blood routine and biochemical examination showed a good predictive performance 
of cognitive impairment. These blood biomarkers showed their strong association with cognition and the model 
based on them was promising for clinical transformation and practical application.

Cognition and hemoglobin
The published prospective study demonstrated a relationship between low hemoglobin level and cognitive decline 
in both women and men24. Nevertheless, several studies suggested there was no such significant association of 
hemoglobin and cognition, and the number of at-risk individuals increased considerably if higher hemoglobin 
cut-off points were used25. Conversely, recent studies proved that even a mild decrease in hemoglobin 
concentration in nonanemic participants was still deleterious26. Our result supported that the low hemoglobin 
level was associated with poor cognitive performance. There were some speculations of this association in some 
basic studies. Some researchers discovered that a chronic mild low hemoglobin level might lead to the limited 
oxygenation of the tissue, inducing brain hypoxia, mitochondrial dysfunction, small vessel damage, impaired 
permeability of the blood–brain barrier, abnormal protein aggregates, and neuronal injury27,28, which promoted 
neuron degeneration leading to poor cognition29. Furthermore, low hemoglobin level among older adults might 
be caused by protein deficiencies 30, while high protein intake was associated with a reduced risk of cognitive 
impairment31. Our study also found a significant joint between protein (hemoglobin, globulin, and creatinine) 
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With cognitive impairment (n = 507) Without cognitive impairment (n = 2299) p value

Age, y (median ± IQR) 67.00 ± 3.50 67.00 ± 3.00 0.030

Gender, male (%) 183 (36.01) 963 (41.89) 0.019

Smoker, n (%) 135 (26.63) 505 (21.97) 0.027

Alcohol drinker, n (%) 178 (35.11) 652 (28.36) 0.003

Education level, n (%)  < 0.001

 No education 379 (74.75) 771 (33.54)

 Primary educational level 22 (4.34) 293 (12.75)

 Middle educational level 79 (15.58) 861 (37.45)

 High educational level 27 (5.33) 374 (16.27)

BMI level, n (%) 0.023

 Underweight 10 (1.97) 29 (1.26)

 Normal weight 221 (43.59) 873 (37.97)

 Overweight 210 (41.42) 1005 (43.72)

 Obesity 66 (13.02) 392 (17.05)

RBC, 1012/L (mean ± SD) 4.648 ± 0.481 4.799 ± 0.486  < 0.001

Hb, g/L (mean ± SD) 140.755 ± 12.990 146.631 ± 13.618  < 0.001

MCH, pg (mean ± SD) 30.474 ± 1.993 30.763 ± 2.079 0.003

MCHC, g/L (mean ± SD) 326.335 ± 8.840 329.445 ± 9.693  < 0.001

Platelet, 109/L (mean ± SD) 175.969 ± 61.507 190.858 ± 57.110  < 0.001

WBC, 109/L (mean ± SD) 5.808 ± 1.360 5.559 ± 1.382  < 0.001

NC, 109/L (mean ± SD) 3.576 ± 1.087 3.343 ± 1.063  < 0.001

MC, 109/L (mean ± SD) 0.330 ± 0.115 0.316 ± 0.129 0.012

LC, 109/L (mean ± SD) 1.730 ± 0.522 1.739 ± 0.530 0.713

Triglyceride, mmol/L (mean ± SD) 1.661 ± 0.879 1.664 ± 0.863 0.940

LDL, mmol/L (mean ± SD) 2.949 ± 0.683 3.110 ± 0.755  < 0.001

HDL, mmol/L (mean ± SD) 1.734 ± 0.440 1.960 ± 0.476  < 0.001

Cholesterol, mmol/L (mean ± SD) 5.308 ± 0.932 5.588 ± 1.037  < 0.001

total protein, g/L (mean ± SD) 75.278 ± 4.689 78.830 ± 4.799  < 0.001

globulin, g/L (mean ± SD) 28.364 ± 4.441 31.440 ± 4.183  < 0.001

albumin, g/L (mean ± SD) 46.930 ± 2.681 47.384 ± 2.762  < 0.001

albumin to globulin ratio (mean ± SD) 1.690 ± 0.287 1.535 ± 0.235  < 0.001

GT, IU/L (mean ± SD) 29.821 ± 24.012 27.870 ± 21.798 0.093

ALT, IU/L (mean ± SD) 23.807 ± 12.609 24.356 ± 13.545 0.381

AST, IU/L (mean ± SD) 27.647 ± 9.496 26.997 ± 8.822 0.158

LDH, IU/L (mean ± SD) 199.748 ± 33.565 191.049 ± 32.209  < 0.001

ALP, IU/L (mean ± SD) 94.182 ± 24.896 82.451 ± 21.578  < 0.001

HBDH, IU/L (mean ± SD) 164.779 ± 28.943 159.314 ± 28.037  < 0.001

CK, IU/L (mean ± SD) 114.990 ± 48.910 111.294 ± 48.397 0.123

Total bilirubin, umol/L (mean ± SD) 16.085 ± 6.100 18.655 ± 5.741  < 0.001

Direct bilirubin, umol/L (mean ± SD) 3.643 ± 1.787 4.665 ± 1.758  < 0.001

Indirect bilirubin, umol/L (mean ± SD) 12.446 ± 4.872 13.985 ± 4.382  < 0.001

Bile acid, umol/L (mean ± SD) 3.847 ± 3.630 4.604 ± 3.825  < 0.001

Potassium, mmol/L (mean ± SD) 4.104 ± 0.342 4.121 ± 0.312 0.303

Sodium, mmol/L (mean ± SD) 141.382 ± 2.304 140.363 ± 2.001  < 0.001

Calcium, mmol/L (mean ± SD) 2.397 ± 0.111 2.463 ± 0.095  < 0.001

Magnesium, mmol/L (mean ± SD) 0.943 ± 0.090 0.891 ± 0.069  < 0.001

Chloride, mmol/L (mean ± SD) 105.266 ± 2.707 103.849 ± 2.411  < 0.001

Inorganic phosphate, mmol/L (mean ± SD) 1.005 ± 0.172 1.084 ± 0.162  < 0.001

Urea, mmol/L (mean ± SD) 5.674 ± 1.400 5.570 ± 1.398 0.130

Uric acid, umol/L (mean ± SD) 317.668 ± 76.551 329.814 ± 77.169 0.001

Creatinine, umol/L (mean ± SD) 60.727 ± 13.331 65.543 ± 14.179  < 0.001

Cystatin C, mg/L, (mean ± SD) 0.817 ± 0.183 0.837 ± 0.152 0.022

Fasting glucose, mmol/L (mean ± SD) 5.820 ± 1.403 5.800 ± 1.230 0.768

TyG index (mean ± SD) 1.444 ± 0.536 1.452 ± 0.536 0.780

NLR (mean ± SD) 2.223 ± 0.895 2.060 ± 0.818  < 0.001

MHR (mean ± SD) 0.206 ± 0.101 0.176 ± 0.104  < 0.001

Continued
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and cognition. We thought that the evaluation of the proper role of hemoglobin on cognitive impairment might 
be important in primary care.

Cognition and ionic levels
We noticed the predictive biomarkers consisted of two ionic levels, including magnesium and calcium. Recent 
evidence showed that dietary intake of minerals was associated with the risk of dementia32. Some researchers 
pointed out that the synaptic strength and plasticity depending closely on ion flux across the neuronal membrane 
might be one of the reasons of the link between ionic differences and cognitive impairment33.

In terms of magnesium, previous clinical studies demonstrated that there was a U-shaped association 
between magnesium level and cognitive impairment34. It was reported that magnesium could mediate cognitive 
impairment by impairing synaptic plasticity35,36. On the other hand, clinical study showed that magnesium 
deficiency could increase the risk of cognitive impairment in Europeans and Americans37. It has been believed 
that the average intake of magnesium among Chinese was higher than that of Europeans and Americans due 
to different dietary patterns38. Given it above, we suggested there might be a link between magnesium and 
cognition, and magnesium supplemental intake among Chinese older adults with cognitive impairment should 
be further studied.

As for calcium, it has also been suspected that both too high or too low calcium levels are deleterious 
in cognition. The calcium level abnormality could dysregulate calcium homeostasis, leading to amyloid 
accumulation and even neuron death39. Some trials reported an association between calcium supplementation 
and increased risk for vascular events, which was related to cognitive decline40. In contrast, lower serum 
calcium was considered a potentially associated factor for cognitive impairment in Asian people41. A Mendelian 
randomization study also showed that genetically increased calcium level was associated with the decreased 
risk of Alzheimer’s disease42. However, this correlation still remains unclear, and further studies are needed to 
identify and validate criteria for supplementation in Asian patients.

Cognition and liver function
Except for protein and iron level, liver function has also been suggested as a possible factor in the progression of 
cognitive impairment in previous studies. The liver might contribute to the clearance of amyloid from the brain 
into the peripheral circulation43. Additionally, liver function can reflect oxidative damage as well as the ability 
of proteins synthesis and storage, which are all risk factors for cognitive decline44. Moreover, meta-analysis 
demonstrated the metabolism of lipids was independently associated with cognitive impairment45. A genome-
wide meta-analysis of Alzheimer’s disease also revealed the genetic involvement of the lipid system enriched in 
the liver, which might play an important role in the pathogenesis of Alzheimer’s disease46. Our extensive liver 
function data from blood examination further suggested that indicators reflecting liver function, particularly 
ALP, direct bilirubin, globulin, and HDL, might be predictive biomarkers of cognitive impairment.

Strengths and limitations
Our study has several strengths. All biomarkers can be easily collected by blood routine and biomedical 
examination when patients seek primary clinical care. In addition, our predictive model was developed for a 
clinically relevant population, and had a good predictive ability, which would be usable and satisfactory for 
primary clinical use. With rapid progress made in plasma tau, Aβ, etc., our study could also provide assistance 
for the future study of assessing how to optimally combine plasma biomarkers in cognitive impairment at 
primary care. However, there are also several limitations to address. First, cross-sectional design, potential 
nonparticipation bias, and possible recall bias may weaken the validity of our study. Second, the major limitation 
is that our study had only one assessment for cognition, and care should therefore be used in interpreting these 
results. Thirdly, more centers and external validation data are needed to assess the biomarkers, particularly 

With cognitive impairment (n = 507) Without cognitive impairment (n = 2299) p value

NHR (mean ± SD) 2.193 ± 0.881 1.834 ± 0.805  < 0.001

LHR (mean ± SD) 1.064 ± 0.433 0.947 ± 0.396  < 0.001

PHR (mean ± SD) 106.530 ± 43.990 102.891 ± 39.142 0.086

SII (mean ± SD) 386.678 ± 201.555 392.492 ± 195.237 0.555

SIRI (mean ± SD) 0.748 ± 0.436 0.664 ± 0.417  < 0.001

AISI (mean ± SD) 132.369 ± 95.446 129.383 ± 97.113 0.525

Table 1.  The characteristics of participants with and without cognitive impairment. IQR, interquartile range; 
SD, standard deviation; BMI, body mass index; RBC, red blood cell; Hb, hemoglobin; MCH, mean corpuscular 
hemoglobin; MCHC, mean corpuscular hemoglobin concentration; WBC, white blood cell; NC, neutrophil 
count; MC, monocyte; LC, lymphocyte; LDL, low density lipoprotein; HDL, high density lipoprotein; GT, 
glutamyl transpeptidase; ALT, alanine aminotransferase; AST, aspartate aminotransferase; LDH, lactate 
dehydrogenase; ALP, alkaline phosphatase; HBDH, hydroxybutyrate dehydrogenase; CK, creatine kinase; 
NHR = neutrophil/HDL ratio; MHR = monocyte/HDL ratio; LHR = lymphocyte/HDL ratio; PHR = platelet/
HDL ratio; SII = platelet × neutrophil-to-lymphocyte ratio; SIRI = monocyte × neutrophil-to-lymphocyte ratio; 
AISI = neutrophil × platelet × monocyte-to-lymphocyte ratio; TyG index = ln (Triglyceride × Fasting plasma 
glucose).
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to non-Chinese populations, due to the potential influence of cultural, dietary, or environmental differences. 
Finally, the causality of findings needed be explored to further reveal mechanism in the future prospective study.

Conclusions
Overall, the blood-test model demonstrated good performance in predicting cognitive impairment. The 
biomarkers from easily accessible blood routine and biochemical examination could aid diagnosis, risk 
stratification, and choice of interventions for physicians in primary care. The predictive factors we extracted 
could also provide clues for the future study in exploring the biological progression of cognitive impairment.

Fig. 2.  The features of cognitive impairment were selected by two algorithms with tenfold cross-validation. 
(A) The standardized mean differences of baseline characteristics before and after adjustment in the whole 
dataset. (B) The process of variables selected by RFE in the training dataset. When selecting 15 features, the 
accuracy achieved the highest point. (C) The importance score of features selected by RFE. (D) The results 
of ten-fold cross validation by verifying the optimal lambda in the LASSO model in the training dataset. 
The partial likelihood deviance (binomial deviance) curve was plotted, and dotted vertical lines were drawn 
based on minimum lambda and standard error criteria. (E) The importance of features selected by LASSO 
logistic regression. (F) Venn program of the biomarkers from two different algorithms. RFE, recursive 
feature elimination; LASSO, least absolute shrinkage and selection operator; Hb, hemoglobin; MCH, mean 
corpuscular hemoglobin; AGR, albumin to globulin ratio; HDL, high density lipoprotein; ALP, alkaline 
phosphatase; LDH, lactate dehydrogenase; NHR, neutrophil count/high density lipoprotein ratio; NLR, 
neutrophil count/lymphocyte ratio.
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Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author on 
reasonable request.
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