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Objective: This study aimed to evaluate the value of odors in the olfactory identification (OI) test and other known risk factors for predicting incident dementia in the prospective Shanghai Aging Study.

Methods: At baseline, OI was assessed using the Sniffin’ Sticks Screening Test 12, which contains 12 different odors. Cognition assessment and consensus diagnosis were conducted at both baseline and follow-up to identify incident dementia. Four different multivariable logistic regression (MLR) models were used for predicting incident dementia. In the no-odor model, only demographics, lifestyle, and medical history variables were included. In the single-odor model, we further added one single odor to the first model. In the full model, all 12 odors were included. In the stepwise model, the variables were selected using a bidirectional stepwise selection method. The predictive abilities of these models were evaluated by the area under the receiver operating characteristic curve (AUC). The permutation importance method was used to evaluate the relative importance of different odors and other known risk factors.

Results: Seventy-five (8%) incident dementia cases were diagnosed during 4.9 years of follow-up among 947 participants. The full and the stepwise MLR model (AUC = 0.916 and 0.914, respectively) have better predictive abilities compared with those of the no- or single-odor models. The five most important variables are Mini-Mental State Examination (MMSE) score, age, peppermint detection, coronary artery disease, and height in the full model, and MMSE, age, peppermint detection, stroke, and education in the stepwise model. The combination of only the top five variables in the stepwise model (AUC = 0.901 and sensitivity = 0.880) has as a good a predictive ability as other models.

Conclusion: The ability to smell peppermint might be one of the useful indicators for predicting dementia. Combining peppermint detection with MMSE, age, education, and history of stroke may have sensitive and robust predictive value for dementia in older adults.
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INTRODUCTION

Olfactory dysfunction is a common feature of neurodegenerative diseases, especially in dementia (e.g., Alzheimer’s disease, dementia with Lewy bodies, and Parkinson’s disease dementia), and is considered to be a premotor sign of neurodegeneration (Attems et al., 2014). Previous hospital- and population-based studies have demonstrated the association of olfactory dysfunction with dementia, cognitive decline, or mild cognitive impairment (MCI). Some human studies show a relationship between peppermint aroma stimulation and enhanced memory and functional performance in older people with dementia (Herz, 1997; Collier, 2007; Moss et al., 2008). Furthermore, peppermint’s preservation of central nervous system microglia as a mediator of improved cognitive function has also been reported by an experimental in vivo study (Koo et al., 2001). At the baseline of our Shanghai Aging Study, we found a lower score on the olfactory identification (OI) test and a reduced ability to identify odors of peppermint, orange, pineapple, cinnamon, coffee, fish, banana, rose, leather, and licorice in participants with MCI compared to those with normal cognition (Liang et al., 2016). We further verified these findings in the 5-year prospective phase and explored the association of inability to smell peppermint with a higher dementia onset risk (HR = 2.67, 95% CI: 1.44, 4.96) by using a multivariable logistic regression (MLR) model (Liang et al., 2020). However, the previous study also did not evaluate the performance (or predictive value) of peppermint in predicting incident dementia.

Variable selection is one of the core concepts in statistical learning, and it impacts the performance of predictive models significantly. Irrelevant or partially relevant variables may reduce the predictive ability of the models. There are many variable-selection methods available in data science, such as recursive feature elimination, principle component analysis, correlation matrix with heat map, feature importance, and some wrapper methods (Hua et al., 2009; Liu and Motoda, 2012). Variable importance is straightforward and can be easily explained to an audience outside of the fields of data science and informatics. In the current study, the permutation importance (PI) method, which permutes the values of a feature of interest and reevaluates the predictive ability of the models (Altmann et al., 2010), was used to evaluate the importance of the OI test, certain odors, and other known risk factors for predicting incident dementia in the prospective Shanghai Aging Study.



MATERIALS AND METHODS


Study Setting and Participants

The Shanghai Aging Study is a prospective cohort study aiming to enumerate the prevalence, incidence, and risk factors for dementia and MCI among residents aged ≥60 in an urban community of central Shanghai. The study design and participant recruitment of SAS are described in detail elsewhere (Ding et al., 2014; Liang et al., 2016; Liang et al., 2020). A flowchart of recruitment for study participants is shown in Supplementary Figure S1. In total, 1,782 recruited participants without dementia completed both cognitive assessment and the OI test at baseline (2010–2011). The participants were contacted between April 1, 2014 and December 31, 2016, to investigate the first wave of dementia incidence. After excluding participants who were lost to follow-up, deceased, or had missing values in the analysis variables, 947 participants were included in the current study. After an average of 4.9 years of follow-up, 75 (7.0%) of the 947 included participants were diagnosed with new-onset dementia with an incidence rate of 16 [95% confidence interval (CI): 13–20] per 1,000 person-years. Participants with incident dementia were older (mean age: 77.8 ± 5.6) than participants without incident dementia (mean age: 69.9 ± 6.5, p < 0.001) at the baseline.



Collection of Baseline Data

Demographics and lifestyle: Demographic and lifestyle characteristics, including age, sex, years of formal education, cigarette smoking, and alcohol consumption, were collected via an interviewer-administered questionnaire (Shu et al., 2004).

Physical measurements: Each participant’s height and weight at baseline were measured by a research nurse. BMI was calculated as weight in kilograms divided by height in meters squared.

Medical history: Participants’ medical histories, including physician-diagnosed hypertension, coronary artery disease (CAD), diabetes, and stroke were asked by neurologists from the Department of Neurology, Huashan Hospital (Liang et al., 2020).

Apolipoprotein (APOE) genotype: DNA was extracted from blood or saliva samples at baseline. APOE genotyping was conducted by the Taqman SNP method (Smirnov et al., 2009). The presence of at least one ε4 allele was defined as APOE-ε4 allele positive.

OI test: OI at baseline was assessed using the Sniffin’ Sticks Screening Test 12 (SSST-12), which consists of 12 odors (orange, leather, cinnamon, peppermint, banana, lemon, licorice, coffee, cloves, pineapple, rose, and fish) presenting on felt-tip sticks (Wolfensberger, 2000). The SSST-12 kit was purchased from Burghart Medical Technology, Hamburg, Germany (Tinsdaler Weg 175, 2020). OI was defined as an individual correctly naming an odor or odors, either with or without the help of alternative choices. The administration of SSST-12 is described in detail elsewhere (Liang et al., 2016).

Cognition assessment and consensus diagnosis: The cognitive function of the participants was assessed using a battery of neuropsychological tests, including the Mini Mental State Examination (MMSE) (Tombaugh and McIntyre, 1992), Conflicting Instructions Task (go/no-go task), Stick Test, Modified Common Objects Sorting Test, Auditory Verbal Learning Test, Modified Fuld Object Memory Evaluation, Trail-Making Test A & B, and Renminbi (Chinese Currency) Test. The normative data and detailed description of the assessment battery are reported elsewhere (Zhang et al., 1990; Ding et al., 2015). Each participant’s mood was evaluated using the Zung Self-Rating Anxiety Scale and the Center for Epidemiologic Studies Depression Scale (CESD), and depression was present if a CESD score ≥16 (Zung, 1971; Eaton et al., 2004).

Two study neurologists, one neuropsychologist, and one neuroepidemiologist reviewed the functional, medical, neurological, psychiatric, and neuropsychological data of the participants and reached a consensus regarding the presence of dementia using the Diagnostic and Statistical Manual of Mental Disorders IV (DSM–IV) criteria (American Psychiatric Association, 1994).



Prospective Follow-Up

Between April 2014 and December 2016, participants who were diagnosed as dementia-free were invited for a clinical interview as the first wave of follow-up to detect incident dementia cases. Each participant was administered the same neuropsychological battery for the cognition assessment. Procedure and criteria of the consensus diagnosis were identical with that at baseline.



Statistical Analysis


Descriptive Analysis

Participants’ demographics, lifestyle, medical history, and OI test results are presented using mean with standard deviation (SD) or median with interquartile range (IQR) for the continuous variable and using a percentage for the categorical variables. Difference between groups was tested using the chi-squared test for categorical variables and analysis of variance (ANOVA) or Mann–Whitney U test for continuous variables. Correlation was measured using the Pearson correlation coefficient between two continuous variables and using the point-biserial correlation coefficient between a binary and a continuous variable (Demirtas and Hedeker, 2016) and the phi coefficient between two binary variables (Chen and Popovich, 2002). Multicollinearity between the variables is presented using a heat map. A two-sided P-value <0.05 is considered statistically significant.



Determination of Variable Importance

Prediction: In the current study, prediction for dementia incidence was conducted using MLR analysis. Four types of MLR models were constructed in the study. In the first or no-odor model, we only included demographics, lifestyle, and medical history variables (i.e., sex, age, BMI, height, education, smoking, drinking, CAD, hypertension, diabetes, depression, stroke, APOE-ε4, and MMSE) but not any odor. In the second type or single-odor model, we added only one single odor or OI sum score to the first model. In the third or full model, all 12 odors were included. Weight was excluded in the first three types of models, and OI sum score was excluded in the first and third models because of high collinearity with other variables. In the fourth model, the variables were selected using a bidirectional stepwise selection method (Zhang, 2016).

Validation: The K-fold cross-validation method was used during the MLR model learning and validation, which is a standard way to obtain unbiased estimates of a model’s goodness of fit and to handle the overfitting problem in statistical learning. In brief, we randomly split the data set into five equal partitions and constructed an MLR model on four partitions while validating it on the remaining partition. In each iteration, the prediction was made for the one held-out partition. In the end, we got the prediction for the whole data set and used it for validation (James et al., 2013).

Evaluation: The metrics, including sensitivity, specificity, accuracy, and area under the receiver operating characteristic (ROC) curve, were used to evaluate the models’ predictive ability. Terminology and derivations of the metrics are given in detail elsewhere (Cao et al., 2019). The acceptable, good, and great prediction models for incident dementia are defined as the area under the ROC curve (AUC) of a model greater than 0.7, 0.8, and 0.9, respectively (Marzban, 2004; Mandrekar, 2010).

Variable standardization: Because scalability is an important aspect of statistical learning and matters for the models’ performance, variable standardization is preferred before training the models (Lantz, 2013). Because the aim of the current study was to evaluate the predictive ability of the models rather than to interpret the associations between the predictors and the outcome, therefore, all features were treated as continuous or discrete numerical variables and were scaled using the standard scaler to have a mean of 0 and a SD of 1 (Zheng and Casari, 2018).

PI: For the MLR models, PI was calculated for each variable, which is measured by looking at how much the accuracy decreases when the information on the variable is not available (Altmann et al., 2010). To mask the information on a variable during validation, instead of removing the variable from the data set, the PI method replaces it with random noise by shuffling the values of the variable, i.e., using values from other participants (Breiman, 2001; Fisher et al., 2019). The relative importance of a variable was calculated as the accuracy decrease of the variable relative to the range of the accuracy decreases of all the variables (Gómez-Ramírez et al., 2019).



Software and Hardware

The descriptive analyses were performed using Stata 16.0 (StataCorp LLC, College Station, TX, United States). The MLR models and PI evaluation were achieved in Python 3.6 (Python Software Foundation1) using packages scikit-learn 0.22.1 (Pedregosa et al., 2011) and ELI5 0.10.1 (Korobov and Lopuhin, 2020). All computation was conducted on a computer with a 64-bit Windows 7 Enterprise operating system (Service Pack 1), Intel® Core TM i5-4210U CPU of 2.40 GHz, and 16.0 GB installed random access memory.



Ethical Consideration and Data Availability

The study is an observational study and was approved by the Medical Ethical Committee of Huashan Hospital, Fudan University, Shanghai, China (approval number: 2009-195). All participants and/or their legal guardian gave their written informed consent for participation in the study. There is no personal identification disclosed in our data. The data are not publicly available but may be available upon reasonable request and with permission of the Ding Ding (dingding@huashan.org.cn).



RESULTS


Characteristics of the Participants

Detailed baseline information on the participants is published elsewhere and given in Supplementary Table S1 (Liang et al., 2020). In general, compared to those who did develop dementia (n = 872), participants with incident dementia (n = 75) were older (77.8 vs 69.9 years), shorter (156.5 vs 162.0 cm), weighed less (59.1 vs 64.4 kg), and had less education (9 vs 12 years) when recruited. CAD, stroke, and APOE-ε4 positive were more frequently observed in the new-onset dementia cases (Supplementary Table S1). The new-onset dementia cases had a lower correct identification rate for most odors and lower OI sum and MMSE scores at the baseline (Supplementary Table S1). There was no significant multicollinearity observed between the variables except for the high correlation between height and weight, weight and BMI, and OI sum score and the 12 odors (Figure 1).
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FIGURE 1. Heat map of the pairwise correlation coefficients between the variables.




Predictive Ability of the Models

The regression coefficients of the full and stepwise models are shown in Tables 1 and 2. In the full model, age, APOE-ε4, peppermint, pineapple, banana, and MMSE are statistically significantly (at the two-sided type one error α = 0.05 level) associated with dementia incidence. However, in the analysis, wrong identification of pineapple is associated with a lower probability of dementia incidence (Table 1).


TABLE 1. Multivariable logistic regression coefficients of the full model.
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TABLE 2. Multivariable logistic regression coefficients of the stepwise model.
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In the stepwise model, age, weight, education, APOE-ε4, peppermint, banana, pineapple, and MMSE are associated with dementia incidence. Similarly, wrong identification of pineapple is associated with lower probability of dementia incidence (Table 2). The predictive abilities of the four types of models are shown in Table 3. There is no significant difference in predictive abilities between the no-odor and the single-odor models; both types of models show great ability for predicting dementia incident (AUCs ranging between 0.901 and 0.906). However, the model including licorice shows higher accuracy (= 0.818), and the model including banana, lemon, or cloves shows higher sensitivity (= 0.920, Table 3). The predictive abilities of the full and stepwise models are similar (AUC = 0.916 and 0.914, respectively) (Figure 2) and better (although not significant) than those of the no- or single-odor models (Table 3).


TABLE 3. Performance matrix of the prediction models.
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FIGURE 2. AUC of the full and stepwise models.




Relative PI of the Variables

The relative importance of the variables was evaluated in the full and stepwise models because they showed the best performance for prediction. In the full model, the five most important variables are MMSE, age, peppermint, CAD, and height (Figure 3). In the stepwise model, the five most important are MMSE, age, peppermint, stroke, and education. Both results indicate that identification of peppermint odor might be an important indicator for dementia only after MMSE and age. In addition, banana also shows relative higher importance in both models (Figure 3). There are also variables with negative importance, which means that, when they were excluded from the model, the accuracy of the prediction increased.
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FIGURE 3. Relative importance with corresponding standard deviation of the variables in terms of accuracy decrease in prediction.


When using a simple model that only includes the five most important variables in the stepwise model, we achieved a predictive ability (AUC = 0.901 and sensitivity = 0.880) as great as those of the aforementioned models that include many more variables (Table 3).



DISCUSSION

Although there is a study using random forest and permutation-based methods to select important variables for predicting conversion to MCI (Gómez-Ramírez et al., 2019), to the best of our knowledge, this is the first study investigating the predictive rather than associative value of the odors in the OI test for incident dementia in the elderly. There are several strengths in our study. First, the permuting destroys the interaction effects between variables, which means that it automatically takes into account both the main effect of a variable and the interaction effects with other variables on model performance (Fisher et al., 2019). Second, our data suggest that, not only is MMSE generally applicable to predict dementia in our geriatric population, but the addition of the ability to smell peppermint further improves the precision and accuracy of the model. This has tangible clinical benefits in both informing clinical decision making and translating statistical probability into coherent information for the elderly and their families. Thus, a consensus plan (either medical treatment or preventive intervention) may be more readily reached. Third, cross-validation was used when we evaluated the performance of the models, which minimized overfitting. Finally, different MLR models were constructed and compared, and they presented similar results, which ensure that our conclusion is conservative and robust.


OI Test and Dementia Prediction

Previous studies reveal that both olfactory and certain cognitive functions are controlled via the orbitofrontal cortex, and reduced olfactory ability and manifestation of dementia are associated with brain changes in the hippocampus and entorhinal cortex (Rupp et al., 2006; Maurage et al., 2011; Seligman et al., 2013; Marigliano et al., 2014; Growdon et al., 2015). Olfactory dysfunction is associated with pathological features of cognitive impairment (Passali et al., 2015; Reijs et al., 2017). Some studies suggest that olfactory dysfunction could be a suitable biomarker for predicting cognitive impairment and development of dementia (Suzuki et al., 2004; Eibenstein et al., 2005; Devanand et al., 2015; Ottaviano et al., 2016; Roberts et al., 2016; Roalf et al., 2017). Our previous study also indicates that some odors, such as peppermint in the OI test, are associated with incident dementia in the older population (Liang et al., 2020). However, the predictive ability of the models incorporating the OI test was not ideal in previous studies. A large sample size (N = 2227) prospective study of middle-aged to older adults (55–86 years) concludes that olfactory function may serve as a marker for screening persons at high risk for cognitive decline and dementia. However, the AUC values in the study are only between 0.55 and 0.62 for the five cognitive tests (Tebrugge et al., 2018). In another prospective study of 757 participant aged 65 years and older, the University of Pennsylvania Smell Identification Test combined with the Selective Reminding Test–total immediate recall shows an improved performance for predicting dementia incidence; however, the AUC is still only 0.77 (Devanand et al., 2015). Although Stanciu et al. (2014) concludes that OI could independently predict conversion to dementia within a 10-year time span, the accuracy of the prediction is not evaluated in that study.

The SSST-12 test comprises 12 common and familiar odorants recognized by a majority of the population (Oleszkiewicz et al., 2019). The number of odors for selection could be as many as 37 in comprehensive olfactory tests (MediSense, 2020); however, it remains uncertain how many items are sufficient for a valid diagnosis or screening (Lotsch et al., 2016). Several studies attempt to reduce the number of odor identification items to 1–5 odors (Doty et al., 1996; Simmen et al., 1999; Hummel et al., 2001; Gilbert et al., 2002; Jackman and Doty, 2005; Mueller and Renner, 2006), and a recent study recommends a three-odor test with cinnamon as the best scoring odor (Lotsch et al., 2016). Although an inability to identify certain odors has previously been used as a predictor for incident dementia (Adams et al., 2018; Liang et al., 2020), the relative importance of the odors compared to each other or compared to other predictors has not been investigated.



Peppermint and Dementia

The current study further confirms previous findings that the ability to smell peppermint may play an important role in predicting dementia incidence in the elderly (Adams et al., 2018; Liang et al., 2020). It also reveals that peppermint is the third most important variable in the prediction models, only after MMSE and age. Using a simplified prediction model including MMSE, age, peppermint, stroke, and education, the specificity of the prediction can be as high as 0.88 with an AUC of 0.90.

The relationship between detection of peppermint and dementia has been investigated previously. A human study of peppermint’s modulation on long-term potentiation shows a direct correlation between peppermint oils and enhanced memory (Moss et al., 2008). In recall tests of extended memory, improved cognitive function arises in response to exposure to peppermint aroma during both learning and memory retrieval tasks (Herz, 1997). In a randomized single blind trial, researchers used multisensory stimulation, including aromatic cloves or peppermint, to improve functional performance in older people with dementia, and they find a significant effect of the intervention on function, mood, and behavior in people with a diagnosis of moderate/severe dementia (Collier, 2007). However, Fox et al. (2012) study suggests that consumption of peppermint does not mediate alertness or enhance cognitive performance. Although the underlying mechanism of the effects of peppermint on neurological functions is not clear yet, an experimental study shows that in vivo exposure of glial cells to peppermint oil might inhibit heat shock-induced apoptosis of astrocytes in rat and human cell models, suggesting peppermint’s preservation of central nervous system microglia as a mediator of improved cognitive function (Koo et al., 2001). Further research investigating compound metabolism is required to optimize quantification of memory performance following peppermint ingestion.



MLR and PI

There are other statistical learning methods for prediction, such as discriminant analysis, decision tree, K-nearest neighbor, support vector machine, and multilayer perceptron (James et al., 2013). The reasons for using MLR in the current study are that (a) logistic regression is the most widely used method in diagnostic tests and prediction studies for binary outcomes in medical science. The results from a logistic regression analysis can be easily comprehended by clinical researchers (Coughlin et al., 1992; Greiner et al., 2000; Janssens et al., 2005). (b) Coefficients from the logistic regression models can be translated into odds ratios, which are widely used in medical and epidemiology studies (Hilbe, 2009).

Compared to Gini importance, which is model-agnostic and embedded in tree-based statistical learning algorithms, such as random forest (Nembrini et al., 2018), the concept of PI is straightforward. PI measures the importance of a variable by calculating the decrease in the model’s prediction accuracy after permuting the variable. A variable is “important” if shuffling its values decreases the accuracy because, in this case, the model relies on the variable for the prediction (Breiman, 2001). Although permuting irrelevant or partially relevant variables may increase the predictive ability of the models, it may result in a negative importance, just as we observe in Figure 3. The method is generalizable no matter the predictive model and most suitable for computing variable importance when the number of variables is not large; otherwise, it can be resource-intensive (Altmann et al., 2010; Fisher et al., 2019).

Because using a limited number of variables may have already achieved great prediction for dementia incidence (such as the simple model in Table 3), one single variable contributes little to the improvement accuracy of the prediction in a multivariable model; therefore, we only compare relative importance of the variables in this study. It is useful when we want to find common important variables using different statistical learning methods. In our study, all five of the most important variables (MMSE, age, peppermint, stroke, and education) found in the stepwise MLR model are consistent with the statistically significant risk factors derived from previous studies (Snowdon and Nun, 2003; Cullen et al., 2005; Ngandu et al., 2007; Mijajlovic et al., 2017; Liang et al., 2020). The combination gives us real, predictive values that may be useful in clinical practice.



Limitations

There are also several limitations in the study. First, the sample size is relatively small, and only 75 participants were diagnosed with new-onset dementia after an average of 4.9 years of follow-up. Essentially, the performance of statistical learning methods relies on the amount of data available. The more observations and variables, the better the models perform. Although we obtain satisfactory accuracy from the models, the generalizability of the findings is limited by the small sample size. Second, nominal variables are treated as discrete numerical features in this study. Although it increases the accuracy of prediction, the interpretability of the models is reduced. Third, about half of the participants who were lost to follow-up were excluded from our analysis data set. We do not know the incidence of dementia among the excluded participants and whether being lost to follow-up was associated with certain cognitive impairments. Although there is no statistically or clinically significant difference between the included and excluded participants in terms of demographic and lifestyle characteristics, the validity of the models is limited by the incompleteness and needs to be examined using data with better representativeness.



CONCLUSION

The ability to smell certain odors, especially peppermint, might be one of the useful indicators for predicting dementia in the elderly. Incorporating peppermint with MMSE, age, education, and history of stroke, we may predict long-term dementia onset in older adults precisely. Aromatherapy using essential oils, including peppermint, to prevent and/or control symptoms of dementia deserves further investigation.



DATA AVAILABILITY STATEMENT

The data analyzed in this study is subject to the following licenses/restrictions: The data are not publicly available but may be available upon reasonable request and permission. Requests to access these datasets should be directed to DD, dingding@huashan.org.cn.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the Medical Ethical Committee of Huashan Hospital, Fudan University, Shanghai, China (approval number: 2009-195). The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

YC and DD: conceptualization, methodology, and writing – original draft. DD and XL: data curation. YC: formal analysis and software. DD and QZ: funding acquisition. DD, XL, WW, and ZX: investigation. DD: project administration. YC, DD, and ZX: writing – review and editing. All authors contributed to the article and approved the submitted version.



ACKNOWLEDGMENTS

This work was supported by grants from Shanghai Municipal Science and Technology Major Project (2018SHZDZX01) and ZJ Lab, National Natural Science Foundation of China (81773513), Scientific Research Plan Project of Shanghai Science and Technology Committee (17411950701 and 17411950106), Shanghai Sailing Program (20YF1404000), and the National Project of Chronic Disease (2016YFC1306400).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnagi.2020.00266/full#supplementary-material

FIGURE S1 | Flowchart of recruitment of participants.

TABLE S1 | Baseline characteristics of participants with and without incident dementia.


FOOTNOTES

1
https://www.python.org/

REFERENCES

Adams, D. R., Kern, D. W., Wroblewski, K. E., Mcclintock, M. K., Dale, W., and Pinto, J. M. (2018). Olfactory dysfunction predicts subsequent dementia in older U.S. adults. J. Am. Geriatr. Soc. 66, 140–144. doi: 10.1111/jgs.15048

Altmann, A., Tolosi, L., Sander, O., and Lengauer, T. (2010). Permutation importance: a corrected feature importance measure. Bioinformatics 26, 1340–1347. doi: 10.1093/bioinformatics/btq134

American Psychiatric Association (1994). DSM-IV: Diagnostic and Statistical Manual of Mental Disorders. Washington, DC: American Psychiatric Press Inc.

Attems, J., Walker, L., and Jellinger, K. A. (2014). Olfactory bulb involvement in neurodegenerative diseases. Acta Neuropathol. 127, 459–475. doi: 10.1007/s00401-014-1261-7

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5–32. doi: 10.1023/A:1010933404324

Cao, Y., Fang, X., Ottosson, J., Naslund, E., and Stenberg, E. (2019). A comparative study of machine learning algorithms in predicting severe complications after bariatric surgery. J. Clin. Med. 8:668. doi: 10.3390/jcm8050668

Chen, P. Y., and Popovich, P. M. (2002). Correlation: Parametric and Nonparametric Measures. Thousand Oaks. California: Sage Publications, Inc.

Collier, L. (2007). The Use of Multi-Sensory Stimulation to Improve Functional Performance in Older People with Dementia: A Randomised Single Blind Trial. Southampton: University of Southampton.

Coughlin, S. S., Trock, B., Criqui, M. H., Pickle, L. W., Browner, D., and Tefft, M. C. (1992). The logistic modeling of sensitivity, specificity, and predictive value of a diagnostic test. J. Clin. Epidemiol. 45, 1–7. doi: 10.1016/0895-4356(92)90180-u

Cullen, B., Fahy, S., Cunningham, C. J., Coen, R. F., Bruce, I., Greene, E., et al. (2005). Screening for dementia in an Irish community sample using MMSE: a comparison of norm-adjusted versus fixed cut-points. Int. J. Geriatr. Psychiatry 20, 371–376. doi: 10.1002/gps.1291

Demirtas, H., and Hedeker, D. (2016). Computing the point-biserial correlation under any underlying continuous distribution. Commun. Stat. Simul. Comput. 45, 2744–2751. doi: 10.1080/03610918.2014.920883

Devanand, D. P., Lee, S., Manly, J., Andrews, H., Schupf, N., Doty, R. L., et al. (2015). Olfactory deficits predict cognitive decline and Alzheimer dementia in an urban community. Neurology 84, 182–189. doi: 10.1212/wnl.0000000000001132

Ding, D., Zhao, Q., Guo, Q., Meng, H., Wang, B., Luo, J., et al. (2015). Prevalence of mild cognitive impairment in an urban community in China: a cross-sectional analysis of the Shanghai aging Study. Alzheimers Dement. 11, 300.e2–309.e2. doi: 10.1016/j.jalz.2013.11.002

Ding, D., Zhao, Q. H., Guo, Q. H., Meng, H. J., Wang, B., Yu, P. M., et al. (2014). The Shanghai aging study: study design, baseline characteristics, and prevalence of dementia. Neuroepidemiology 43, 114–122. doi: 10.1159/000366163

Doty, R. L., Marcus, A., and Lee, W. W. (1996). Development of the 12-item Cross-Cultural Smell Identification Test (CC-SIT). Laryngoscope 106, 353–356. doi: 10.1097/00005537-199603000-00021

Eaton, W. W., Smith, C., Ybarra, M., Muntaner, C., and Tien, A. (2004). “Center for epidemiologic studies depression scale: review and revision (CESD and CESD-R),” in The use of psychological testing for treatment planning and outcomes assessment: Instruments for adults, ed. M. E. Maruish (New York: Taylor & Francis Group), 363–377. doi: 10.1037/t29280-000

Eibenstein, A., Fioretti, A. B., Simaskou, M. N., Sucapane, P., Mearelli, S., Mina, C., et al. (2005). Olfactory screening test in mild cognitive impairment. Neurol. Sci. 26, 156–160. doi: 10.1007/s10072-005-0453-2

Fisher, A., Rudin, C., and Dominici, F. (2019). All models are wrong, but many are useful: learning a variable’s importance by studying an entire class of prediction models simultaneously. J. Mach. Learn. Res. 20, 1–81.

Fox, M., Krueger, E., Putterman, L., and Schroeder, R. (2012). The effect of peppermint on memory performance. J. Adv. Stud. Sci. 1, 1–7.

Gilbert, A., Popper, R., Kroll, J., Nicklin, L., and Zellner, D. (2002). The Cranial I Quick Sniff®: a new screening test for olfactory function. Chem. Senses 2002:A23.

Gómez-Ramírez, J., Ávila-Villanueva, M., and Fernández-Blázquez, M. Á (2019). Selecting the most important self-assessed features for predicting conversion to Mild Cognitive Impairment with Random Forest and Permutation-based methods. bioRxiv [Preprint]. doi: 10.1101/785519v1

Greiner, M., Pfeiffer, D., and Smith, R. D. (2000). Principles and practical application of the receiver-operating characteristic analysis for diagnostic tests. Prev. Vet. Med. 45, 23–41. doi: 10.1016/s0167-5877(00)00115-x

Growdon, M. E., Schultz, A. P., Dagley, A. S., Amariglio, R. E., Hedden, T., Rentz, D. M., et al. (2015). Odor identification and Alzheimer disease biomarkers in clinically normal elderly. Neurology 84, 2153–2160. doi: 10.1212/wnl.0000000000001614

Herz, R. S. (1997). Emotion experienced during encoding enhances odor retrieval cue effectiveness. Am. J. Psychol. 110, 489–505. doi: 10.2307/1423407

Hilbe, J. M. (2009). Logistic Regression Models. Boca Raton, FL: Chapman and hall/CRC. doi: 10.1201/9781420075779

Hua, J. P., Tembe, W. D., and Dougherty, E. R. (2009). Performance of feature-selection methods in the classification of high-dimension data. Pattern Recogn. 42, 409–424. doi: 10.1016/j.patcog.2008.08.001

Hummel, T., Konnerth, C. G., Rosenheim, K., and Kobal, G. (2001). Screening of olfactory function with a four-minute odor identification test: reliability, normative data, and investigations in patients with olfactory loss. Ann. Otol. Rhinol. Laryngol. 110, 976–981. doi: 10.1177/000348940111001015

Jackman, A. H., and Doty, R. L. (2005). Utility of a three-item smell identification test in detecting olfactory dysfunction. Laryngoscope 115, 2209–2212. doi: 10.1097/01.mlg.0000183194.17484.bb

James, G., Witten, D., Hastie, T., and Tibshirani, R. (2013). An Introduction to Statistical Learning. Cham: Springer. doi: 10.1007/978-1-4614-7138-7

Janssens, A. C., Deng, Y., Borsboom, G. J., Eijkemans, M. J., Habbema, J. D., and Steyerberg, E. W. (2005). A new logistic regression approach for the evaluation of diagnostic test results. Med. Decis. Making 25, 168–177. doi: 10.1177/0272989x05275154

Koo, H. N., Jeong, H. J., Kim, C. H., Park, S. T., Lee, S. J., Seong, K. K., et al. (2001). Inhibition of heat shock-induced apoptosis by peppermint oil in astrocytes. J. Mol. Neurosci. 17, 391–396. doi: 10.1385/jmn:17:3:391

Korobov, M., and Lopuhin, K. (2020). Welcome to ELI5’s documentation [Online]. Available: https://eli5.readthedocs.io/en/latest/ (accessed Feburary 17, 2020).

Lantz, B. (2013). Machine Learning with R. Birmingham: Packt Publishing Ltd.

Liang, X., Ding, D., Zhao, Q., Wu, W., Xiao, Z., Luo, J., et al. (2020). Inability to smell peppermint is related to cognitive decline: a prospective community-based study. Neuroepidemiology 54, 258–264. doi: 10.1159/000505485

Liang, X. N., Ding, D., Zhao, Q. H., Guo, Q. H., Luo, J. F., Hong, Z., et al. (2016). Association between olfactory identification and cognitive function in community-dwelling elderly: the Shanghai aging study. BMC Neurol. 16:199. doi: 10.1186/s12883-016-0725-x

Liu, H., and Motoda, H. (2012). Feature Selection for Knowledge Discovery and Data Mining. Cham: Springer.

Lotsch, J., Ultsch, A., and Hummel, T. (2016). How many and which odor identification items are needed to establish normal olfactory function? Chem. Senses 41, 339–344. doi: 10.1093/chemse/bjw006

Mandrekar, J. N. (2010). Receiver operating characteristic curve in diagnostic test assessment. J. Thorac. Oncol. 5, 1315–1316. doi: 10.1097/jto.0b013e3181ec173d

Marigliano, V., Gualdi, G., Servello, A., Marigliano, B., Volpe, L. D., Fioretti, A., et al. (2014). Olfactory deficit and hippocampal volume loss for early diagnosis of Alzheimer disease: a pilot study. Alzheimer Dis. Assoc. Disord. 28, 194–197. doi: 10.1097/wad.0b013e31827bdb9f

Marzban, C. (2004). The ROC curve and the area under it as performance measures. Weather Forecast. 19, 1106–1114. doi: 10.1175/825.1

Maurage, P., Callot, C., Chang, B., Philippot, P., Rombaux, P., and De Timary, P. (2011). Olfactory impairment is correlated with confabulation in alcoholism: towards a multimodal testing of orbitofrontal cortex. PLoS One 6:e23190. doi: 10.1371/journal.pone.0023190

MediSense (2020). Can I order Sniffin’ Sticks with the odor of choice? [Online]. Groningen: MediSense.

Mijajlovic, M. D., Pavlovic, A., Brainin, M., Heiss, W. D., Quinn, T. J., Ihle-Hansen, H. B., et al. (2017). Post-stroke dementia - a comprehensive review. BMC Med. 15:11. doi: 10.1186/s12916-017-0779-7

Moss, M., Hewitt, S., Moss, L., and Wesnes, K. (2008). Modulation of cognitive performance and mood by aromas of peppermint and ylang-ylang. Int. J. Neurosci. 118, 59–77. doi: 10.1080/00207450601042094

Mueller, C., and Renner, B. (2006). A new procedure for the short screening of olfactory function using five items from the “Sniffin’ Sticks” identification test kit. Am. J. Rhinol. 20, 113–116. doi: 10.1177/194589240602000121

Nembrini, S., König, I. R., and Wright, M. N. (2018). The revival of the Gini importance? Bioinformatics 34, 3711–3718. doi: 10.1093/bioinformatics/bty373

Ngandu, T., Von Strauss, E., Helkala, E. L., Winblad, B., Nissinen, A., Tuomilehto, J., et al. (2007). Education and dementia - What lies behind the association? Neurology 69, 1442–1450. doi: 10.1212/01.wnl.0000277456.29440.16

Oleszkiewicz, A., Schriever, V. A., Croy, I., Hahner, A., and Hummel, T. (2019). Updated Sniffin’ Sticks normative data based on an extended sample of 9139 subjects. Eur. Arch. Otorhinolaryngol. 276, 719–728. doi: 10.1007/s00405-018-5248-1

Ottaviano, G., Frasson, G., Nardello, E., and Martini, A. (2016). Olfaction deterioration in cognitive disorders in the elderly. Aging Clin. Exp. Res. 28, 37–45. doi: 10.1007/s40520-015-0380-x

Passali, G. C., Politi, L., Crisanti, A., Loglisci, M., Anzivino, R., and Passali, D. (2015). Tau protein detection in anosmic Alzheimer’s disease patient’s nasal secretions. Chemosens. Percept. 8, 201–206. doi: 10.1007/s12078-015-9198-3

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., et al. (2011). Scikit-learn: machine learning in python. J. Mach. Learn. Res. 12, 2825–2830.

Reijs, B. L. R., Ramakers, I., Elias-Sonnenschein, L., Teunissen, C. E., Koel-Simmelink, M., Tsolaki, M., et al. (2017). Relation of odor identification with Alzheimer’s disease markers in cerebrospinal fluid and cognition. J. Alzheimers. Dis. 60, 1025–1034. doi: 10.3233/jad-170564

Roalf, D. R., Moberg, M. J., Turetsky, B. I., Brennan, L., Kabadi, S., Wolk, D. A., et al. (2017). A quantitative meta-analysis of olfactory dysfunction in mild cognitive impairment. J. Neurol. Neurosurg. Psychiatry 88, 226–232. doi: 10.1136/jnnp-2016-314638

Roberts, R. O., Christianson, T. J. H., Kremers, W. K., Mielke, M. M., Machulda, M. M., Vassilaki, M., et al. (2016). Association between olfactory dysfunction and amnestic mild cognitive impairment and alzheimer disease dementia. JAMA Neurology 73, 93–101.

Rupp, C. I., Fleischhacker, W. W., Drexler, A., Hausmann, A., Hinterhuber, H., and Kurz, M. (2006). Executive function and memory in relation to olfactory deficits in alcohol-dependent patients. Alcohol. Clin. Exp. Res. 30, 1355–1362. doi: 10.1111/j.1530-0277.2006.00162.x

Seligman, S. C., Kamath, V., Giovannetti, T., Arnold, S. E., and Moberg, P. J. (2013). Olfaction and apathy in Alzheimer’s disease, mild cognitive impairment, and healthy older adults. Aging Ment. Health 17, 564–570. doi: 10.1080/13607863.2013.768208

Shu, X. O., Yang, G., Jin, F., Liu, D., Kushi, L., Wen, W., et al. (2004). Validity and reproducibility of the food frequency questionnaire used in the Shanghai Women’s health study. Eur. J. Clin. Nutr. 58, 17–23. doi: 10.1038/sj.ejcn.1601738

Simmen, D., Briner, H. R., and Hess, K. (1999). [Screening of olfaction with smell diskettes]. Laryngorhinootologie 78, 125–130.

Smirnov, D. A., Morley, M., Shin, E., Spielman, R. S., and Cheung, V. G. (2009). Genetic analysis of radiation-induced changes in human gene expression. Nature 459, 587–591. doi: 10.1038/nature07940

Snowdon, D. A., and Nun, S. (2003). Healthy aging and dementia: findings from the nun Study. Ann. Intern. Med. 139, 450–454.

Stanciu, I., Larsson, M., Nordin, S., Adolfsson, R., Nilsson, L. G., and Olofsson, J. K. (2014). Olfactory impairment and subjective olfactory complaints independently predict conversion to dementia: a longitudinal, population-based study. J. Int. Neuropsychol. Soc. 20, 209–217. doi: 10.1017/s1355617713001409

Suzuki, Y., Yamamoto, S., Umegaki, H., Onishi, J., Mogi, N., Fujishiro, H., et al. (2004). Smell identification test as an indicator for cognitive impairment in Alzheimer’s disease. Int. J. Geriatr. Psychiatry 19, 727–733. doi: 10.1002/gps.1161

Tebrugge, S., Winkler, A., Gerards, D., Weimar, C., Moebus, S., Jockel, K. H., et al. (2018). Olfactory function is associated with cognitive performance: results of the heinz nixdorf recall study. J. Alzheimers Dis. 63, 319–329. doi: 10.3233/jad-170863

Tinsdaler Weg 175 (2020). Burghart Medical Technology. Available: http://www.burghart.net (accessed February 18, 2020).

Tombaugh, T. N., and McIntyre, N. J. (1992). The mini-mental state examination: a comprehensive review. J. Am. Geriatr. Soc. 40, 922–935.

Wolfensberger, M. (2000). Sniffin’Sticks: a new olfactory test battery. Acta Otolaryngol. 120, 303–306.

Zhang, M. Y., Katzman, R., Salmon, D., Jin, H., Cai, G. J., Wang, Z. Y., et al. (1990). The prevalence of dementia and Alzheimer’s disease in Shanghai, China: impact of age, gender, and education. Ann. Neurol. 27, 428–437. doi: 10.1002/ana.410270412

Zhang, Z. H. (2016). Variable selection with stepwise and best subset approaches. Ann. Transl. Med. 4:136. doi: 10.21037/atm.2016.03.35

Zheng, A., and Casari, A. (2018). Feature Engineering for Machine Learning: Principles and Techniques For Data Scientists. Sebastopol, CA: O’Reilly Media, Inc.

Zung, W. W. (1971). A rating instrument for anxiety disorders. Psychosomatics 12, 371–379. doi: 10.1016/s0033-3182(71)71479-0

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Ding, Xiao, Liang, Wu, Zhao and Cao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/fnagi-12-00266-g003.jpg
1.0

©
[S) ()

aouepodwi aAleley

0.8
.4

=
o

0.2

0.2
0.0

souepoduwl sAlejeY

o|ddeaulg

¥930dVY
as0y

uoissaidaq

uowa']
1Biom
Jayjea
eueueg
uoneonp3
aoas
Juiwaddad
aby

IS

uowa
ysi4
o|ddeauig
Bunjows
#930dY
sajeqelq
uoweuur)
SO0
89400
souonbr
uoisuapadAy

eueueg
uoissaidaq
uoeonp3
WbisH
avo
Juiwaddag
aby

ISAN

Stepwise model

Full model





OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Predictive Value of Odor Identification for Incident Dementia: The Shanghai Aging Study



		INTRODUCTION



		MATERIALS AND METHODS



		Study Setting and Participants



		Collection of Baseline Data



		Prospective Follow-Up



		Statistical Analysis



		Descriptive Analysis



		Determination of Variable Importance



		Software and Hardware







		Ethical Consideration and Data Availability







		RESULTS



		Characteristics of the Participants



		Predictive Ability of the Models



		Relative PI of the Variables







		DISCUSSION



		OI Test and Dementia Prediction



		Peppermint and Dementia



		MLR and PI



		Limitations







		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		ACKNOWLEDGMENTS



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/fnagi-12-00266-g002.jpg
1.0

0.8

Sensitivity
o
[}

I
S

0.2

0.0

0.0

AUC: 0.916; 95% CI: 0.882 - 0.945

0.2 0.4 0.6 0.8
1-Specificity
K-fold cross-validation of full model

1.0

1.0

0.8

Sensitivity
o
[}

I
'S

0.2

0.0

0.0

AUC: 0.914; 95% CI: 0.881 - 0.943

0.2 0.4 0.6 0.8
1-Specificity
K-fold cross-validation of stepwise model

1.0





OPS/images/cover.jpg
’ frontiers
in Aging Neuroscience

Predictive Value of Odor
Identification for Incident
Dementia: The Shanghai Aging
Study









OPS/images/fnagi-12-00266-g001.jpg
Sex

Age

BMI

Height
Weight
Education
Smoking
Drinking
CAD
Hypertension
Diabetes
Depression
Stroke
APOEe4
Orange
Leather
Cinnamon
Peppermint
Banana
Lemon
Liquorice
Coffee
Cloves
Pineapple
Rose

Fish

Ol

MMSE

-0.25-0.000.01 0.15 0.10-0.020.23 gH¥[s}-0.000.02 0.04 0.01-0.010.04 -0.010.04-0.01-0.030.01 -0.05-0.03-0.09-0.02-0.03-0.02-0.03-0.040.04
0.01 0.17-0.00-0.07-0.04-0.01-0.10-0.00§Ks[e} 0.12 0.06 0.08 0.12-0.02-0.02-0.06-0.06-0.050.02-0.02-0.01-0.03 0.04 -0.01-0.04-0.02-0.05-0.06
0.02 0.17 0.21-0.060.14 -0.04-0.100.02 0.12 gK¥[$0.16 0.05 0.14 0.02-0.050.01-0.00-0.05-0.02-0.07-0.04-0.06-0.01 0.05 0.04-0.07-0.05-0.10
-0.040.04 0.06 0.01 0.06-0.030.06 0.04 0.06 0.16 gHe¥] 0.02 0.06-0.030.02-0.060.01 0.02-0.00-0.010.02-0.020.02 0.03-0.00-0.000.01-0.00
0.02 0.05-0.01-0.05-0.06-0.000.01 0.01 0.08 0.05 0.02 gu#] 0.04 0.01 0.05 0.01-0.05-0.03-0.02-0.020.03 -0.04-0.000.01 -0.04-0.09-0.04-0.02
0.01 0.19 0.03-0.07-0.02-0.09-0.05-0.010.12 0.14 0.06 0.04 gK4[t}-0.03 0.03 -0.08-0.01-0.05-0.05-0.08-0.04-0.05-0.01-0.020.00 0.02-0.07-0.06
0.01-0.02-0.02-0.02-0.050.02-0.020.04 -0.020.02-0.03 0.01 -0.03Ke[t}-0.00 0.00 -0.02-0.05-0.03 0.01 -0.04-0.07-0.06-0.07-0.04-0.02-0.08-0.04
-0.01-0.050.01 0.03 0.03 0.03 0.03-0.01-0.02-0.050.02 0.05 0.03-0.00§K¥[$}-0.020.01 0.11 0.10 0.07 0.04 0.09 0.01 0.05 0.08 0.06 0.31 0.11
-0.01-0.120.04 0.03 0.05 0.04 0.06 0.04-0.060.01-0.060.01-0.080.00-0.024Ks¢] 0.15 0.11 0.08 0.09 0.09 0.15 0.02 0.14 0.08 0.13@0.10
-0.05-0.08-0.010.07 0.03 0.16-0.00-0.01-0.06-0.000.01-0.05-0.01-0.020.01 0.15 gKg} 0.00 0.09-0.080.07 0.10-0.020.03 0.14 0.15 0.36 0.14

0.04%0.00 0.03 0.02 0.06-0.00-0.03-0.01-0.04 0.02 0.03-0.04-0.04 0.04 0.09 0.07 0.12 0.14 0.02 gK¥J 0.11 0.10 0.11 0.05 0.06 0.11
-0.01-0.130.01 0.07 0.05 0.12 0.04 -0.09-0.03-0.06-0.02-0.04-0.05-0.07 0.09 0.15 0.10 0.24 0.13 0.15 0.11 gKe[§} 0.09 0.22 0.13 0.16 0.12

Sex

Age

BMI

Height
Weight

CAD
Hypertension

Education
Drinking
Stroke
APOEe4
Lemon
Coffee
Cloves

—

S 5
b=

= £
T ©
o c
=
O

Smoking
Diabetes
Depression
Orange
Peppermint
Banana
Liquorice
Pineapple

0.9

0.6

-0.3

-0.0






OPS/images/logo.jpg
’ frontiers
in Aging Neuroscience





OPS/images/fnagi-12-00266-t003.jpg
Sensitivity Specificity Accuracy AUC 95% Cl of AUC
Lower limit Upper limit

No-odor modef? 0.893 0.791 0.799 0.901 0.864 0.933
Single-odor model®

Orange 0.880 0.791 0.798 0.901 0.867 0.933
Leather 0.880 0.804 0.810 0.905 0.870 0.935
Cinnamon 0.893 0.804 0.811 0.904 0.867 0.936
Peppermint 0.893 0.781 0.790 0.904 0.866 0.936
Banana 0.920 0.768 0.780 0.906 0.873 0.936
Lemon 0.920 0.749 0.762 0.902 0.869 0.933
Licorice 0.867 0.814 0.818 0.902 0.869 0.932
Coffee 0.893 0.786 0.794 0.900 0.867 0.932
Cloves 0.920 0.749 0.762 0.902 0.866 0.932
Pineapple 0.893 0.796 0.804 0.903 0.866 0.932
Rose 0.893 0.786 0.794 0.904 0.869 0.936
Fish 0.893 0.791 0.799 0.902 0.864 0.933
ol 0.933 0.751 0.766 0.904 0.869 0.935
Full model® 0.907 0.828 0.834 0.916 0.882 0.945
Stepwise modeld 0.880 0.831 0.835 0.914 0.881 0.943
Simple model® 0.880 0.781 0.790 0.901 0.859 0.931

aPredictors: sex, age, body mass index (BMl), height, education, smoking, drinking, coronary artery disease (CAD), hypertension, diabetes, depression, stroke, apolipopro-
tein (APOE)-g4, and Mini-mental State Examination (MMSE). ®Other predictors are the same as in the no-odor model. ®Predictors: sex, age, BMI, height, education,
smoking, drinking, CAD, hypertension, diabetes, depression, stroke, APOE-¢e4, MMSE, and the 12 odors. 9Predictors: age, weight, education, depression, stroke,
APOE-¢4, leather, peppermint, banana, lemon, pineapple, rose, and MMSE. ®Predictors: MMSE, age, peppermint, stroke, and education.
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Variable B

Age 1.067
Weight —0.360
Education —0.308
Depression 0.248
Stroke 0.209
APOEe4 0.311
Leather —0.255
Peppermint —0.331
Banana —0.310
Lemon 0.261
Pineapple 0.406
Rose —0.241
MMSE —0.693

SE

0.186
0.171
0.132
0.133
0.121
0.137
0.1567
0.111
0.148
0.158
0.166
0.149
0.133

P-value

0.000
0.036
0.020
0.061
0.086
0.023
0.104
0.003
0.036
0.098
0.014
0.107
0.000

SE, standard error; APOE, apolipoprotein; MMSE, Mini-Mental State Examination.
B corresponds to the change per year for age and education, per unit for weight
and MMSE, with versus without depression or stroke, and positive versus negative

for APOE-¢4 and individual odor tests.
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Variable B SE P-value

Sex —0.051 0.231 0.824
Age 1.086 0.200 0.000
BMI —0.240 0.162 0.139
Height —0.361 0.211 0.086
Education —0.241 0.146 0.099
Smoking 0.331 0.185 0.074
Drinking —0.288 0.213 0.176
CAD 0.099 0.128 0.424
Hypertension —0.068 0.166 0.683
Diabetes —0.098 0.160 0.539
Depression 0.244 0.138 0.076
Stroke 0.201 0.128 0.116
APOE-¢4 0.352 0.139 0.011
Orange 0.055 0.151 0.715
Leather —0.235 0.163 0.151
Cinnamon —0.182 0.179 0.308
Peppermint —-0.371 0.118 0.002
Banana —0.341 0.158 0.026
Lemon 0.202 0.168 0.229
Licorice 0.054 0.160 0.737
Coffee —0.027 0.127 0.828
Cloves —0.013 0.161 0.934
Pineapple 0.408 0.176 0.020
Rose —0.244 0.158 0.124
Fish 0.159 0.148 0.280
MMSE —-0.719 0.138 0.000

SE, standard error; BMI, body mass index; CAD, coronary artery disease; O,
olfactory identification sum score; APOE, apolipoprotein; MMSE, Mini-Mental State
Examination. Weight and olfactory identification sum score were excluded from the
model because of collinearity. B corresponds to the change of women versus men
for sex; per year for age and education,; per unit for BMI, height, and MMSE; with
the feature versus without the feature for smoking, drinking, and comorbidities; and
positive versus negative for APOE-¢4 and individual odor tests.





