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Abstract

Introduction:WeexaminedwhetherGermanclaimsdata are suitable for dementia risk

prediction, how machine learning (ML) compares to classical regression, and what the

important predictors for dementia risk are.

Methods: We analyzed data from the largest German health insurance company,

including 117,895 dementia-free people age 65+. Follow-up was 10 years. Predictors

were: 23 age-related diseases, 212 medical prescriptions, 87 surgery codes, as well

as age and sex. Statistical methods included logistic regression (LR), gradient boosting

(GBM), and random forests (RFs).

Results: Discriminatory power was moderate for LR (C-statistic = 0.714; 95% confi-

dence interval [CI] = 0.708–0.720) and GBM (C-statistic = 0.707; 95% CI = 0.700–

0.713) and lower for RF (C-statistic = 0.636; 95% CI = 0.628–0.643). GBM had the

best model calibration. We identified antipsychotic medications and cerebrovascular

disease but also a less-established specific antibacterial medical prescription as impor-

tant predictors.

Discussion: Our models from German claims data have acceptable accuracy and may

provide cost-effective decision support for early dementia screening.
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1 BACKGROUND

There are currently ≈47 million people worldwide living with demen-

tia. This number is expected to increase to 78 million by 2030 and to

132 million by 2050.1 In Germany, 1.6 million people are presently liv-

ing with dementia, with an expected increase to 2.7 million by 2050.2

Dementia creates high costs for society and the health care system,

which increase significantly as the disease progresses.3

Because dementia is still incurable, prevention is the best strategy

to delay its onset and to slow progression, with the goal of reducing the

burden of dementia on those affected and on the health care system.

For effective prevention, it is crucial to identify modifiable risk factors
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and to detect cognitive decline at an early stage prior tomanifestation,

even better, before the onset.

To achieve this, numerous dementia risk-prediction models have

been developed with different target populations and outcomes. Most

models predict the risk of late-life dementia for non-demented people,

but there are also midlife risk models and models for the conversion

from mild cognitive impairment (MCI) to dementia. Outcomes include

Alzheimer’s disease (AD), other dementia subtypes, combinations of

subtypes, and all-cause dementia. However, reviews stress the need

for further models in different populations4,5 and point out that more

recent and larger data sets are needed to overcome the lack of diver-

sity in previous studies.6 To address this limitation, routinely collected
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health care data has come more into focus in recent years.7–11 These

data are typically cost-effective because they do not need to be col-

lected separately. Typical routinely collected data are electronic health

records (EHRs) as well as administrative health claims data. Although

the introduction of EHR in Germany has already been legally decreed,

the implementation, collection, and availability of the data have not yet

been established,12 making them hardly accessible for research due

to data protection regulations. In the German health care system, one

of the largest health care systems worldwide, it is mandatory to par-

ticipate in a health insurance fund, and nearly 90% of the population

is covered by public health insurance. Although administrative health

claims data are used primarily for the purpose of billing for health

care services, these claims contain a large amount of clinically rele-

vant information. They also include sociodemographic data, as well as

all diagnoses made by physicians, operations performed, and medica-

tions (prescriptions filled). Therefore, claims data are used increasingly

in public health research.

An illustrative example of the use of routinely collected data for dis-

ease prediction is the QRISK, a cardiovascular disease prediction risk

score that complements the prevailing FraminghamRisk Score.13

Early detection of dementia would require a life-course approach,

with major vascular risk factors already becoming prevalent during

midlife14 and the diagnosis relying strongly on the medical history of

the patient.15 Health claims data have the potential to provide such

long-term information.

Previous studies have used a number of statistical methods to

predict dementia risk. In recent years the most common approaches

have been logistic and Cox regression as well as an increasing num-

ber of machine learning (ML) techniques.6 ML algorithms are well

suited for the analysis of data sets with a large amount of informa-

tion, as they usually contain automatic variable selection mechanisms

and can include non-linear associations as well as complex interactions

between variables.16 Several studies have used ML algorithms for risk

predictionwith administrative claims data. For example, a recent study

compared different ML methods and traditional models to predict

heart failure outcomes, achieving the best performance with gradient-

boosting models and logistic regression.17 Another study found an

improved accuracy of cardiovascular risk prediction using ML and

electronic medical records.18 Nori and colleagues identified incident

dementia by applying ML algorithms to an administrative claims data

set of privately insured individuals in the United States.9 Moreover,

logistic regression has been used to predict dementia diagnosis from

administrative claims.10 These studies identified neurological and psy-

chological disorders and psychoactive medications as predictors with

the greatest impact on dementia risk. Discriminatory power, as mea-

sured by the area under the curve and the concordance index, ranged

between 0.63 and 0.76.

In this context we examined the following research questions: First,

are German claims data a suitable data basis for individual dementia-

risk prediction? Second, how do ML methods compare to classical

regression methods in terms of predicting dementia risk? Third, which

features are important predictors of dementia risk, and can new fea-

tures be identified in addition to established risk factors?

RESEARCH INCONTEXT

1. Systematic review: An increasing number of dementia

risk- prediction models have been developed and the

most common methodologies are machine learning (ML)

and traditional regression methods. Despite the increas-

ing availability of routinely collected health data in Ger-

many, dementia risk predictions using these data are still

rare.

2. Interpretation: German claims data are suitable for

dementia risk prediction. We found moderate predic-

tion accuracy for logistic regression and gradient boost-

ing. In addition to some well-known dementia-related

features, we identified the pharmacological subgroup of

macrolides, lincosamides, and streptogramins (ATC-code:

J01F) as an important predictor for dementia.

3. Future directions:Dementia risk-predictionmodels from

German claims data may be useful in implementing

cost-effective decision-support tools for early dementia

screening. Data-driven approaches with claims data have

the potential to identify new features or pathways affect-

ing the risk of dementia.

HIGHLIGHTS

∙ Gradient boosting machine (GBM) showed the best model

calibration.

∙ The prediction accuracy of GBM was comparable to that

of classical logistic regression.

∙ Model accuracies were comparable and partly better than

other studies using claims.

∙ Selected antibacterial medical prescriptions were an

important predictor for dementia.

2 MATERIAL AND METHODS

2.1 Data

We used an age-stratified random sample of 250,000 persons insured

in the largest German health insurance company “Allgemeine Ort-

skrankenkasse” (AOK). The sample was drawn in 2004 and included

people born before 1955 with a follow-up to 2015. The AOK covers

almost 30% of the German population and is representative of the

German population aged 65+ in terms of mortality (Figure S1). The

data contained the following information from the inpatient and

outpatient sector: Diagnoses based on the International Classification

of Diseases, Tenth Revision (ICD-10), all medical prescriptions accord-

ing to the Anatomical Therapeutic Chemical (ATC) Classification
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F IGURE 1 Selection of study cohort

System, surgeries based on the German procedure classification (OPS,

www.dimdi.de/dynamic/en/classifications/ops/, accessed: November

1, 2021) an adaptation of the International Classification of Proce-

dures in Medicine (ICPM), as well as sex, age, and time of death. All

medical information was recorded on a quarterly basis. The data were

anonymized claims data and did not require ethical review or patient

consent.

2.2 Study design

To predict incident dementia, we selected people born before 1940

because dementia before age 65 is extremely rare. Because we were

interested in newly diagnosed dementia cases only, we excluded all

people with prevalent dementia in 2004 or 2005. In the quarter of a

dementia diagnosis, we assigned all predictors the values of the pre-

vious quarter because the exact timing of diagnoses, prescriptions,

and surgeries or the chronological order of occurrence was unknown.

Hence, we excluded all persons with an incident dementia diagnosis in

the first quarter of 2006 (Figure 1), and the study period began with

the first quarter of 2006 and ended with the last quarter of 2015. We

assembled a training populationbydrawing a60%randomsample from

our study cohort, stratified by dementia status (dementia diagnosis vs

no dementia diagnosis). The remaining individuals were split into vali-

dation and test groups of equal size.

2.3 Outcome

Our outcome was a binary variable that indicated a validated incident

dementia diagnosis. Dementia was defined by ICD-10 codes (Table S1).

To address the problem of false-positive diagnosis, we applied a two-

stage validation strategy19 (Description S1).

2.4 Predictors

We included 23 major age-related diseases20 and risk factors

for dementia according to the factors reported by the Lancet

Commission21 (see Table S1 for the respective ICD codes). In addition,

we included all medical prescriptions coded by the German version of

http://www.dimdi.de/dynamic/en/classifications/ops/
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the ATC classification system on the 3rd level (pharmacological sub-

group), and all surgeries based on three-digit classes from Chapter 5

of theOPS. Further predictors were sex and age at baseline.

All predictors except age and sex were included as time-dependent

binary “ever” variables, with the value 1 from the first occurrence of a

particular code onward and zero otherwise.

2.5 Statistical analysis

The data were structured quarterly, with one observation per person

and quarter. Therefore, we defined a discrete time process starting

in the first quarter of 2006, with time intervals given by quarters,

resulting in a data structure with binary outcome.22 Accordingly, time

measurements ranged between 1 and 40, referring to the number of

quarters observed for each individual. To predict dementia risk, we

built prediction models using logistic regression, gradient boosting

machines (GBMs), and random forests (RFs). The input data for these

models consisted of one row per quarter, thereby allowing for time-

dependent predictors and accounting for right-censoring (“discrete

hazardmodels,” cf.22)We excluded predictors with near-zero-variance

using the nearZeroVar function from,23 and predictors with fewer

than five observations per cell in a cross-tabulation with dementia.

Surgery codes 502 and 583 were excluded due to collinearity. In total,

we included 324 features: 212ATC codes, 87OPS codes, 23 diagnoses,

and age and sex.

As a benchmark model, we considered a logistic regression model

(including all predictors) that was fitted to the combined training and

validation data, and the process timewas included as a categorical pre-

dictor.

We used the R package xgboost version 1.1.1.124 to train a GBM

with a learning rate of 0.01 and amaximum of 10,000 iterations on the

training data. The algorithmwas stopped if there was no improvement

in log-loss in the last 100 iterations evaluated on the validation data.24

We used a grid search on the validation data to find optimal values for

the parametersmax depth andmin child weight. Finally, we fitted aGBM

with the optimal parameter values to the combined training and valida-

tion data.

We used the R package ranger version 0.12.125 to train RF with

ntree = 1000 and ntree = 10,000 trees on the training data. All other

parameters were set to default. Because logistic regression and GBM

clearly outperformed RF, we did not perform any further parameter

tuning here.

Because a detailed description of the GBM and RF methodology is

beyond the scope of this applied study, we included our source code

in the supplements (Supplementary_source_code). This code provides

detailed information about our analysis and preprocessingmethods.

2.6 Model evaluation

We evaluated the performance of our prediction models in terms of

accuracy, discriminatory power, and calibration.

The overall accuracy was evaluated by the integrated predic-

tion error, an adaptation of the Brier score, which is based on

weighted quadratic differences between predicted and observed sur-

vival functions.22 We calculated the integrated prediction error using

theRpackagediscSurv26; 95%confidence intervals (95%CIs)were cal-

culated using 5000 bootstrap replications from the test data.

To evaluate the discriminatory power, we calculated a time-

independent version of the concordance index (C statistic).27 As with

the prediction error, we used the discSurv package and calculated 95%

CIs using bootstrapping.

Because a strong discriminatory power is not sufficient to assess

a model for clinical usability,28 we additionally examined calibration

plots (to graphically assess model calibration) and calculated an inter-

cept and slope to test whether the predicted risks were systematically

overestimated or underestimated.29

To extract the explainable information from the GBM model, we

identified the 20 most influential features for prediction, using a per-

mutation approach to calculate a relative importance score for each

predictor.30 To present explainable information for logistic regression,

we report the corresponding odds ratios, ranked by absolute z values.

Because GBM clearly outperformed RF, we did not calculated variable

importance for RF.

3 RESULTS

3.1 Study cohort

Our study cohort consisted of 117,895 individuals, and we observed

27,651 incident dementia cases. During the study period, 63,864 indi-

viduals died (details in Figure S2) and52,554 reached the endof follow-

up (Figure 1). The training data consisted of 70,737 people, and the val-

idation data included 23,579 people, as did the test data. At baseline,

the mean age was 74.8 years (SD= 6.6), and the mean age at dementia

diagnosis was 82.3 years (SD = 6.3); 38% of the individuals were men

(See Table 1). Themean follow-up timewas 17.8 quarters (SD= 11.3).

3.2 Model evaluation

Logistic regression indicated the strongest discriminatory power on

the test data, with a C statistic of 0.714 (95% CI = 0.708–0.720),

closely followed by GBM with a C statistic of 0.707 (95% CI = 0.700–

0.713). Although the CIs overlapped (Summary in Table S2), pairwise

differences in C values were different from zero (mean = 0.007, 95%

CI= 0.005–0.009). The discriminatory power of RF (ntree= 1000)was

considerably lower, with a C statistic of 0.636 (95%CI= 0.628–0.643).

The samemodel-ranking sequence appeared for the integrated predic-

tion error, where the lowest error was found for the logistic regres-

sion model (0.044, 95% CI = 0.044–0.045), followed by GBM (0.046,

95% CI = 0.046–0.047) and RF (0.105, 95% CI = 0.104–0.107). Look-

ing at the calibration plots (Figure 2), the GBM appeared to be a well-

calibrated model with an intercept near zero (0.097) and a slope close
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TABLE 1 Cohort characteristics at baseline

Training Number % 2.5%Quantile

97.5%

Quantile

N 70,737

Age at baseline, mean (SD) 72.8 (6.6) 64 89

Men 26,997 38.2

Dementia cases (not at baseline) 16,522 23.4

Antipsychotics (ATC: N05A) 3,528 5.0

Cerebrovascular disease 14,528 20.5

Anti-dementia drugs (N06D) 966 1.4

Depression 13,547 19.2

Parkinson disease 1,489 2.1

Injuries to the head 3,734 5.3

Antidepressants (N06A) 8,729 12.3

Cardiomyopathy and heart failure 17,075 24.1

Test

N 23,579

Age at baseline, mean (SD) 72.9 (6.6) 64 88

Men 9,063 38.4

Dementia cases (not at baseline) 5,506 23.4

Antipsychotics (N05A) 1,090 4.6

Cerebrovascular disease 4,900 20.8

Anti-dementia drugs (N06D) 330 1.4

Depression 4,458 18.9

Parkinson disease 479 2.0

Injuries to the head 1,200 5.1

Antidepressants (N06A) 2,848 12.1

Cardiomyopathy and heart failure 5,794 24.6

Total

N 117,895

Age at baseline, mean (SD) 72.8 (6.6) 64 89

Men 45,038 38.2

Dementia cases (not at baseline) 27,651 23.5

Antipsychotics (N05A) 5,827 4.9

Cerebrovascular disease 24,242 20.6

Anti-dementia drugs (N06D) 1,639 1.4

Depression 22,548 19.1

Parkinson disease 2,491 2.1

Injuries to the head 6,176 5.2

Antidepressants (N06A) 14,601 12.4

Cardiomyopathy and heart failure 28,575 24.2

Table 1 shows the baseline cohort characteristics for the training, test, and full data sets. In addition to age and sex, we report only the 10 most influential

predictors in terms of variable importance (Figure 2). In total, we included 212 ATC codes, 87 OPS codes, 23 diagnoses, and age and sex. Source: AOK data

2004-2015, own calculations.
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F IGURE 2 Model calibration on test data for GBM (gradient boostingmachine), logistic regression, and RF (random forest). Intercepts and
slopes were calculated by logistic calibration (95% confidence intervals in parentheses). Themodels showedweaker performance in the higher risk
segments compared to themedium and lower segments

F IGURE 3 Variable importance of 20 of themost influential features from the GBM (gradient boostingmachine) model. Source: AOK data
2004-2015, own calculations

to1 (1.024). The logistic regressionmodelwas calibrated slightlyworse

(intercept:−0.101; slope: 0.976) and the RF showed substantial issues

with calibration (intercept: −1.110; slope: 0.870). Predictive perfor-

mance of the RF with ntree = 10,000 was very similar to the perfor-

mance of RF with ntree= 1000 (Table S2). The performance of RFmay

be improved further by hyper-parameter tuning.

3.3 Most important predictors

By far the most important predictor in the GBM model was age at

baseline (Figure 3). The most important medical prescriptions were

antipsychotics (N05A), anti-dementia drugs (N06D), and antidepres-

sants (N06A), all of which were among the top 10 features. Most inter-

estingly, 11 of the top 20 features were medical prescriptions; among

these some medications associated with diseases linked to a high risk

of dementia (insulin for diabetesmellitus, diuretics for high blood pres-

sure). However, we also found medication that has not been described

in the context of dementia prediction, such asmacrolides, lincosamides

and streptogramins (J01F), and medication that has been described

as being protective in previous studies, for example, corticosteroids

(H02A).

Among the diseases, cerebrovascular diseases were most impor-

tant, followed by depression, Parkinson disease, and injuries of the
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F IGURE 4 Odds ratios with 95% confidence intervals from logistic regression according to the highest absolute z values (except time). Source:
AOK data 2004-2015, own calculations

head. In addition, cardiomyopathy and heart failure and diabetes mel-

litus were among the top 20. For surgeries, endoprosthetic and bone

replacement was an important feature.

The odds ratios (Figure 4) show a slightly different ranking

than the variable importance, however, most variables are identi-

cal. Angiotensin-2 receptor blockers and arthroscopic joint surgeries

occurred here instead of high-ceiling diuretics and corticosteroids.

4 DISCUSSION

We applied and compared classical and ML methods to develop

dementia risk-prediction models using German health claims data. To

our knowledge, this is the first study using German claims data for

dementia-risk prediction.

With C statistics higher than 0.70, both logistic regression andGBM

indicated acceptable discriminatory power.When compared to clinical

studies, which used information on biomarkers, cognitive test scores,

or laboratory results, this discriminatory power is somewhat lower.4

This may be because much of this information is more closely related

to diagnostic approaches for dementia than individual medical history.

For example, cognitive tests are usually part of the diagnostic process.

Nevertheless, our results are comparable to or partly better than the

results of other studies, which used claims data only.9,10,31

The ML methods did not outperform classical logistic regression in

terms of discriminatory power, as indicated by our test on pairwise dif-

ferences. However, GBM showed a better calibration. Regarding inter-

pretability, odds ratios obtained from logistic regression are usually

easier to interpret than variable importance measures obtained from

ML methods. Specifically, odds ratios come along with a sign (indicat-

ing risks vs protective effects) and are well suited for explanatory pur-

poses (provided that the model has been specified correctly). On the

other hand, variable importance measure provides more insight in the

predictive ability of variables, incorporating effects due to non-linearity

and variable selection.

Most of the features identified among the top 20 are consistent

with previous results about important risk and predictive factors for

dementia. By far the most important feature for predicting demen-

tia in general and in our study is age. Also outstanding are antipsy-

chotics (N05A), which are used frequently to treat a range of psychi-

atric symptoms32 as well as for the pre-dementia stage of MCI.33,34

Although the evidence for the benefit of antidementia drugs (N06D)

in the pre-dementia stage is inconclusive,35 they are widely used in

clinical practice.36 Note that the high importance of anti-dementia

drugs may also indicate a high proportion of undiagnosed dementia

cases, especially for individuals in the phase of conversion from MCI

to dementia, which is a phase of high uncertainty.37

Thehigh importanceof cerebrovascular disease for incident demen-

tia (feature ranks fourth after age and antipsychotics) may indi-

cate a high proportion of vascular dementia. A further important

cardiovascular-related feature is cardiomyopathy and heart failure,

which underscores the importance of the association of cardiovascu-

lar diseases and dementia. Type 2 diabetes and insulin (A10A) can

also be included in this category. Considering that drug utilization can

be an indicator of diseases,38 high-ceiling diuretics (C03C) may indi-

cate hypertension. Neurodegenerative risk factors such as head injury,

which is associated with an increased risk of dementia39 and Parkin-

son disease,40 are ranked seventh and eighth. Late-life depression is a
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known risk factor for dementia,41 but may also be a prodromal symp-

tom of dementia.42 There is also evidence for an association between

antidepressants and an increased risk of dementia,43 but the prescrip-

tions of antidepressants could also indicate undiagnosed depression.

The only surgery code in the top 20 was endoprosthetic and bone

replacement (OPS:582). There is evidence that although the risk of

dementia was increased in the quarter of endoprosthetic and bone

replacement surgery, it was lower in the postoperative period than for

those without surgery.44 Psychostimulants contain medication for the

treatment of attention deficit/hyperactivity disorder (ADHD), which is

associated with an increased risk of dementia.45 Urologicals are partly

associated with cognitive impairment46 and are prescribed commonly

for urinary incontinence, which has been identified as a predictor of

dementia in previous studies.9,10

Features with evidence of a protective association with demen-

tia risk were also included in the top 20 most important fea-

tures, for example, cough suppressants,47 lipid-modifying agents,48

and corticosteroids.49 However, we also found some less-established

dementia-related features, such as medical prescriptions of the

macrolides, lincosamides, and streptogramins (ATC:J01F). The associ-

ation of inflammation and bacterial infections with cognitive decline

and dementia are well established,50 whereas the role of antibacterial

medications and the risk of dementia is largely unclear.51 Antibiotics,

for one thingmay damage themicrobiome in the gut leading to a higher

dementia risk.52 Then again theymay reduce inflammation leading to a

lower risk.53

Although the discriminatory power of our approach suggests a

rather moderate relevance for direct identification of dementia cases

in clinical practice, it highlights the potential of health claims data as

supporting tools for prediction of dementia risk. Dementia-risk predic-

tions from claims data can be used as a cost-effective indication for the

need for additional dementia screening. The combinationof claimsdata

with further information may improve the discriminatory power17 and

increase relevance in clinical practice.54 One reason that ML did not

perform better than logistic regression in our study could be the large

number of 0-1 coded features (only age was continuous). By including

additional information, such as laboratory values or test parameters,

ML may perform better than logistic regression, as associations with

dementia risk are not necessarily linear.

The use of data-driven ML methods in routinely collected data

can be an important contribution to identifying or better understand-

ing known pathways and new risk and preventive factors for demen-

tia (such as the feature macrolides, lincosamides and streptogramins

(J01F), which we found). The ability of ML methods to include com-

plex interactions between several features may be key to the study of

multimorbidity and effects of polypharmacy.55 These strengths of ML

methods are especially important against the background of increasing

availability of high-dimensional data in health care.

4.1 Strengths and limitations

The large longitudinal and population-based data containing informa-

tion from the inpatient and outpatient sector as well as those living in

nursing homes is representative of the olderGermanpopulation,which

adds to the strength of the study conducted. Because the data are col-

lected routinely in a standardized fashion, problems such as sample

selection bias, attrition, and recall bias are less relevant than in other

data sources. We applied an established strategy to validate demen-

tia diagnosis. Three different statistical methods were used, which

included more than 300 characteristics as time-dependent predictors.

In addition to discriminatory power, we also explored the calibration of

themodels using a large internal test set.

We acknowledge some limitations in this study. Although claims

data offer some advantages, it is important to note that this type of

data is used primarily for billing purposes and the information available

was generated for health care utilization only. For example, diagnoses

can be identified only for people whowent to a doctor, which limits the

generalizability of our results. In addition, dementia may be underre-

ported, especially in the early pre-clinical stages. Furthermore, a large

proportion of dementia diagnoses are unspecific, which does not allow

for an accurate distinction between dementia subtypes. The informa-

tion about medical prescriptions is limited to the collection of the drug

(redemption of the prescription), without any information about the

actual intake. Moreover, the proportion of persons with low socioeco-

nomic status is higher in the AOK than in other statutory health insur-

ance companies and also in comparison with private health insurance

companies.56 Although these differences could influence bothmorbid-

ity and the utilization of health care services, they can be explained

partly by the different age structure of the AOK population, which is

older than the German population. At the same age, the difference in

the social structure of the AOK population is larger in younger age

groups than in older.56 Age-specificmortality57 and age-specific preva-

lence and incidenceof dementia inAOKdata are similar to those shown

for the total German population.19 The diagnoses included here are

limited to amanual selection of 23 age-related conditions,which seems

counterintuitive in the context of a data-driven approach. However,

consideration of all ICD-10 diagnosis codes at the disease group level

(three digits) might not be accurate in medical terms, and inclusion

of all diagnosis codes (more than 13,000) would exceed our computa-

tional resources and would lead to very sparse data. Because our mod-

els are limited toGermany andwere validatedwith data from the same

source, the generalizability of our results needs further investigation.

Future studies should also investigate the effects of competing events

(eg, death before dementia diagnosis).

5 CONCLUSION

Our results from routinely collected claims data are not suitable for

making diagnoses or replacing established tests in clinical practice, but

they may be useful as an additional measure for risk detection. Specif-

ically, they may be useful in implementing decision support for early

dementia screening in a cost-effective manner if health care providers

could continuously update physicians on current risk predictions. Ide-

ally, the cornerstones of dementia diagnosis such as clinical assess-

ment, laboratory testing, and imaging15 should be combined into one

data repository. Undoubtedly, more research on different types of
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health data is neededbefore any real benefit of such an approach at the

public health level can be determined. Our results may also be relevant

to dementia prevention research in order to identify new features or

pathways that influence dementia risk. The combination of claims data

with data-driven approaches may serve as a starting point for further

research into the largely unknown association between dementia and

characteristics such as certain types of antibacterial medical prescrip-

tions identified in this study.
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