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Abstract

Introduction: The identification of dementia cases through routinely collected health

data represents an easily accessible and inexpensive method to estimate the preva-

lence of dementia. In Italy, a project aimed at the validation of an algorithm was

conducted.

Methods: The project included cases (patients with dementia or mild cognitive impair-

ment [MCI]) recruited in centers for cognitive disorders and dementias and controls

recruited in outpatient units of geriatrics and neurology. The algorithm based on

pharmaceutical prescriptions, hospital discharge records, residential long-term care

records, and information on exemption from health-care co-payment, was applied to

the validation population.

Results: The main analysis was conducted on 1110 cases and 1114 controls. The sen-

sitivity, specificity, and positive and negative predictive values in discerning cases of

dementia were 74.5%, 96.0%, 94.9%, and 79.1%, respectively, whereas in detecting

cases of MCI these values were 29.7%, 97.5%, 92.2%, and 58.1%, respectively. The

variables associated withmisclassification of cases were also identified.

Discussion: This study provided a validated algorithm, based on administrative data,

which can be used to identify caseswith dementia and,with lower sensitivity, also early

onset dementia but not cases withMCI.
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1 INTRODUCTION

Dementia affects ≈50 million people worldwide, and this number will

almost double every 20 years, reaching 82million in 2030 and 152mil-

lion in 2050.1 Dementia is oneof the costliest conditions to society. The

economic impact is attributed to social care costs (careprofessionals, in

community and in residential home settings), health costs, and informal

family care costs.2 In 2013, Alzheimer’s Disease International (ADI)

encouraged governments around the world to develop and implement

National Plans for Dementia (PND) as they are the only powerful tools

to improve dementia care and support.3 In October 2014 the Italian

Dementia National Plan was approved, listing among its major objec-

tives the development of a national dementia information systemwith

theaimofevaluating the impactof thedisease, so toorganize resources

and services according to the different local needs.4

Observational epidemiological studies on the prevalence and inci-

dence of dementia are expensive and time-consuming. Although they

can provide many elements of clinical characterization of different

forms of dementia, they typically do not combine community-dwelling

and institutionalized populations.5 From a public health perspective,

administrative health records have emerged as a new opportunity

to study the epidemiology of dementia, since they represent an eas-

ily accessible, rapid, and inexpensive source of data. However, the

assessment of diagnostic accuracy of dementia in routinely collected

health care data requires specific validation studies.6 A recent system-

atic review on health care data validation for dementia analyzed 27

studies conducted in high-income countries (North America, Europe,

Australia). The authors showed a wide variation in the results of val-

idation studies, at least partly reflecting the heterogeneity in study

methodologies, settings, and the data sets they assessed. The posi-

tive predictive values ranged between 33% and 100%, whereas the

sensitivity values were between 21% and 86%. The authors sug-

gested that the use of algorithms based on administrative data should

be validated in their own setting-specific population.7 In a retro-

spective study conducted in Canada, medical records from family

physicians were used as a reference standard to evaluate the accu-

racy of 300 algorithms applied to identify adults older than 65 years of

age with Alzheimer’s disease (AD) and related dementia. The highest

performance was obtained with the algorithm based on hospitaliza-

tions, physician claims, and prescription-filled data (sensitivity 79.3%;

specificity 99.1%; positive predictive value 80.4%; negative predictive

value 99.0%).8

In Italy, a validation study was conducted with 120 patients

with dementia in the community setting, using data from the med-

ical records of general practitioners as the reference standard. The

authors applied three distinct algorithms using a different combina-

tion of administrative data (therapy, neurological visit, brain computed

tomography/magnetic resonance imaging [CT/MRI], neuropsycholog-

ical tests, and hospital discharge).9 The achieved sensitivity was

between 52.5% and 90.8% and the specificity was between 70.6%

and 97.9%. The authors highlighted that some administrative health

records (neurological visits or brain CT/MRI scans) are non-specific for

tracking patientswith dementia, since they can be carried out formany

RESEARCH INCONTEXT

1. Systematic Review: The authors reviewed the literature

using traditional sources (e.g., PubMed). Several recent

publications have investigated the use of routinely col-

lected health care data to identify cases of dementia,

showing high heterogeneity between validation studies

and a wide variation in results. The relevant publications

are cited appropriately.

2. Interpretation: The study showed a good sensitivity and

an excellent specificity in identifying cases of dementia in

line with the evidence reported in the literature, whereas

it is not adequate to intercept cases of mild cognitive

impairment (MCI). Moreover, the algorithm is useful for

identifying early onset dementia.

3. Future Directions: To obtain better estimates of cases

with dementia and MCI in the general population, devel-

opment and validation of algorithms based on a larger

number of administrative data in the context of primary

care should be proposed.

other neurological conditions, and concluded that the algorithms did

not show sufficient accuracy in identifying patients with dementia.9

The aim of the present study was to validate an algorithm based on

health administrativedata.Caseswithmild cognitive impairment (MCI)

or dementia (early and lateonset) identified in centers for cognitivedis-

orders and dementias (CCDDs) were used as the reference standard.

Controls without MCI or dementia were recruited in the same clinical

setting.

To our knowledge, this is the first study conducted in Italy in a large

sample aimed at validating an algorithm for identifying dementia cases

in a specific clinical setting, where diagnosis was provided by experts,

andwith the inclusion ofMCI and early onset dementia (EOD).

2 METHODS

2.1 Study population

This is a multicenter, retrospective validation study conducted in four

Italian regions (Campania in the South, Toscana and Lazio in theCenter,

andPiemonte in theNorthof Italy). Caseswere identified in the archive

of the CCDDs retrospectively and consecutively in a 5-year period

starting from December 31, 2016, including patients who received a

diagnosis of dementia or MCI, 50 years of age and older. The CCDDs

represent the memory clinics and are included in an integrated net-

work of services for dementia (i.e., home care, day center, nursing

home). Specifically, the CCDDs are currently dedicated to the diagno-

sis, treatment, and management of patients with dementia and other

cognitive disorders.10
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For the purpose of this study, the specialists of each participat-

ing center reviewed MCI and dementia diagnoses recorded in their

clinical database. The following clinical criteria were homogeneously

applied: Consensus Conference of 2004 for MCI11; Diagnostic and Sta-

tistical Manual of Mental Disorders, Fifth Edition (DSM-5) criteria for

Dementia12; National Institute on Aging (NIA) for Alzheimer’s disease

and mixed dementia13; Gorelick et al.,14 for vascular dementia; Nearly

et al.,15 for frontotemporal dementia (FTD); Rascovsky et al.,16 for

behavioral variants of FTD; Gorno-Tempini et al.,17 for primary apha-

sia of FTD; McKeith et al.18 for Lewy body dementia; and Emre et al.19

for Parkinson disease.

Controls subjects without dementia or MCI were recruited retro-

spectively andconsecutively in a5-yearperiod starting fromDecember

31, 2016 in outpatient units of geriatrics or neurology located in the

same outpatient clinics in which the CCDDs enrolled the cases. Con-

trols were selected if having a normal cognitive profile evaluation

according to routine clinical practice and were excluded if having a

diagnosis of neurodegenerative disease. Controls were matched with

cases by sex and age over a range of ±3 years. All cases and controls

were alive and a resident in one of the four participating regions on

December 31, 2016.

The baseline collected information included sociodemographic

characteristics, comorbidities, current therapies, and Mini-Mental

Status Examination (MMSE); in addition, for cases only, data were

gathered on the clinical form of dementia, treatment for dementia,

symptoms, instrumental activities of daily living (IADLs), basic ADLs

(BADLs), and having a family history of dementia.

The study was reviewed and approved by the institutional ethics

committees at all collaborating institutions. Informed consent was not

necessary.

2.2 Administrative data sources and algorithm

In Italy, all citizens are covered by a universal public health system and

several sources of routine administrative data linkable by anonymous

unique identification code are available on the regional level, andpartly

on the national level as well. In this study, four data sources were used

to identify cases of dementia in the participating regions, between Jan-

uary 1, 2012, and December 31, 2016. The electronic administrative

database covered a total of 8,250,942 residents 50 years of age and

older (2,003,836 for Campania, 1,672,820 for Toscana, 2,461,597 for

Lazio, and 2,112,689 for Piemonte).

(1) Prescription drug records include all the prescriptions reim-

bursed by the health care system, dispensed by both private and

public community pharmacies. Prescriptions are coded following the

Anatomical Therapeutic Chemical (ATC) classification system. We

searched for prescriptions of galantamine (ATC: N06DA04), rivastig-

mine (N06DA03), donepezil (N06DA02), and memantine (N06DX0).

(2) The Hospital Discharge Registry (HDR) gathers data from all public

and private hospitals, including clinical and administrative data regard-

ing all types of admission, ordinary, long-stay and day-hospital (less

than 24 hours of stay). Diagnoses and procedures are coded using

the International Classification of Diseases, Ninth Revision, Clinical

Modification (ICD-9-CM). The following ICD-9-CM codes were used

to identify cases of dementia and MCI, in primary or secondary diag-

noses: 290.x, 291.2, 294.0–294.21, 292.82, 331.0–331.2, 331.5, 331.7,

331.8, 331.82–331.9, 046.1 (the code 331.83 is specific for MCI). (3)

Information on exemption from health-care co-payment is retrieved

by the disease-specific Exemption Registry. Records with exemption

codes 011 for dementia or 029 specific for AD (National codification

system)were selected. (4) Data on residents in long-term care facilities

(LTCFs) were used, with indication of cognitive deficit in the individual

record.

Deterministic record linkage within and between data sources, was

conducted at the regional level by an anonymous unique identifica-

tion code for all subjects in the study population used as the validation

sample.

Based on the four data sources, a case of dementia or MCI was

defined if having at least two different prescriptions of drugs for

dementiawithin 12monthsOR at least one hospital dischargewith pri-

mary or secondary diagnoses of dementia or MCI OR if the subjects

had the exemption from health-care co-payment specific for the dis-

ease OR if resident in LTCF with cognitive deficit reported (Figure S1).

The LTCF registrywas available only for three regions: Piemonte, Cam-

pania, and Toscana. Subjects were classified as not having dementia or

MCI if none of the previous criteria were satisfied in the entire 5-year

study period. The validation study involved the comparison of the ref-

erence population, that is, the cases (patients with dementia or MCI)

recruited at the CCDDs, and the controls (subjects without dementia

or MCI) recruited at the geriatric and neurological centers, with the

classification obtained by the search algorithm strategy.

2.3 Statistical analysis

Descriptive statistics were performed using a t-test for continuous

variables and chi-square test for proportions. We calculated sensi-

tivity and specificity, positive and negative predictive values (PPVs

and NPVs), likelihood ratio positive and negative, along with the over-

all accuracy measure area under the receiver-operating characteristic

(ROC) curve (AUC) based on a comparison of the automated search

algorithm classification with the clinical evaluation, considered the

reference standard. PPVs and NPVs were provided for literature com-

parison, even if bothmarkers, especiallyPPV, dependon theprevalence

of the disease,20 which, in our study, does not reflect the prevalence

in the general population. The assessment of algorithm performance

and in-depth analyses were performed using data of three of the

four regions, because of a lack of sociodemographic and clinical char-

acteristics for most of subjects in Toscana. However, the measures

of diagnostic accuracy were re-calculated also including data from

Toscana. The analyses were stratified to assess the potential differ-

ences by sex and age (50–64, 65–74, and≥75 years). Moreover, the

algorithm accuracy was evaluated for MCI, dementia, and early onset

dementia (adults 50–64 years with dementia), considering their own

matched controls.



4 of 9 BACIGALUPO ET AL.

TABLE 1 Sociodemographic and clinical characteristics of the validation population

Cases (1110) Controls (1114)

Dementia (952) MCI (158) Total cases

Characteristics N (%) N (%) N (%) N (%) P value*

Region

Campania 422 (44.3) 53 (33.5) 475 (42.8) 470 (42.2)

Lazio 301 (31.6) 63 (39.9) 364 (32.8) 373 (33.5) .937

Piemonte 229 (24.1) 42 (26.6) 271 (24.4) 271 (24.3)

Sex (Male) 370 (38.9) 66 (41.8) 436 (39.3) 447 (40.1) .683

Age (mean± SD) 76.8± 7.8 73.5± 8.0 76.3± 7.9 75.6± 7.9 .050

50-64 years 68 (7.1) 21 (13.3) 89 (8.0) 93 (8.4) .163

65-74 years 260 (27.3) 57 (36.1) 317 (28.6) 357 (32.0)

75+ years 624 (65.6) 80 (50.6) 704 (63.4) 554 (59.6)

Education

None 136 (14.3) 9 (5.7) 145 (13.0) 61 (5.5)

Primary 413 (43.4) 44 (27.9) 457 (41.2) 295 (26.5)

Lower secondary 177 (18.6) 60 (38.0) 237 (21.4) 204 (18.3) <.001

Upper secondary 136 (14.3) 28 (17.7) 164 (14.8) 162 (14.6)

Post-secondary 47 (4.9) 10 (6.3) 57 (5.1) 56 (5.0)

Not available 43 (4.5) 7 (4.4) 50 (4.5) 335 (30.1)

Comorbidity

Cardiovascular and respiratory 668 (70.2) 112 (70.9) 780 (70.3) 298 (73.3) .119

Endocrine-metabolic system 335 (35.2) 72 (45.6) 407 (36.7) 424 (38.1) .497

Gastrointestinal and urinary system 171 (18.0) 31 (19.6) 202 (18.2) 203 (18.2) .988

Activemalignant oncology 26 (2.7) 2 (1.3) 28 (2.5) 30 (2.7) .801

Other 237 (24.9) 54 (34.2) 291 (26.2) 321 (28.8) .170

MMSE adjusted†(mean± SD) 16.1± 6.0 25.7± 2.7 17.5± 6.6 27.1± 2.3 <.001

aAvailable for 1087 cases and 558 controls.

*P value for comparison of cases versus controls.

Abbreviation:MMSE, mini mental state examination.

Finally, to improve case ascertainment, a predictive model was per-

formed by logistic regression, including algorithm classification as a

factor, sex, and age. Odds ratios (ORs) and the AUC index were pro-

vided. The added value of age and sex was tested using the likelihood

ratio test.

To characterize the sensitivity, an analysis of discordant cases was

performed to assess the characteristics associated with misclassifi-

cation comparing true-positive cases versus false-negative cases by

logistic regression. The following characteristics were considered in a

univariate model: age, sex, education, duration of the disease (years

from diagnosis), type of dementia (considering two different classifica-

tions, one variable classified in two categories: dementia vs MCI, and

another one in three categoriesADvsother formsof dementia vsMCI),

having a family history of dementia, IADLs, BADLs, MMSE adjusted,

comorbidity, and treatment for dementia. All variables that were sta-

tistically significant at 5% in the univariate analysis were included in

themultivariate model.

Finally, the algorithm was applied to the resident population of the

four regions atDecember31, 2016, separately for the50–64agegroup

and the group65 years and older, to estimate the prevalence of demen-

tia and MCI. The estimates were compared with the expected value

based on age- and sex-specific prevalence of dementia from Chiari

et al.21 for the population 50–64 years of age and Bacigalupo et al.22

for adults older than 65 years.

The present study follows the guidelines for assessing the quality of

validation studies of health administrative data23 based on the STARD

2015 guidelines (Standards for Reporting of Diagnostic Accuracy).24

3 RESULTS

A total of 1354 cases and 1254 controls were identified in 24 clinical

centers distributed in Piemonte, Lazio, and Campania. After matching

cases and controls by sex and age, quality check, and the availability

of the identification code used for record linkage with administrative

data, a total of 1110 cases and 1114 controls were retained, resident

and alive on December 31, 2016. Overall, 60.3% of the sample were

female and the mean age was 76.0 (SD 7.9). Clinical and sociodemo-

graphic characteristics of cases and controls are displayed in Table 1.

Among cases, Alzheimer’s was the prevalent form of dementia (48.5%),
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TABLE 2 Clinical characteristics of cases with dementia andMCI

Dementia (952) MCI (158) Total cases (1110) P value*

N (%) N (%) N (%)

Clinical form of dementia

Alzheimer’s disease 462 (48.5)

Mixed form 151 (18.9)

Vascular 66 (6.9)

Frontotemporal 32 (3.4)

Parkinson 8 (0.8)

DLB 6 (0.6)

Other forms 22 (2.3)

Not available 205 (21.5)

Duration of disease

1 year or less 228 (24.0) 65 (41.1) 293 (26.4)

2-3 years 356 (37.4) 57 (36.1) 413 (37.2) <.001

4 years andmore 284 (29.8) 14 (8.9) 298 (26.9)

Not available 84 (8.8) 22 (13.9) 106 (9.5)

Familiarity 202 (21.4) 28 (17.7) 230 (24.6) .287

BADLs (mean± SD) 3.9± 1.7 5.7± 0.8 4.1± 1.7 <.001

IADLs (mean± SD) 2.6± 2.0 6.5± 1.9 3.2± 2.4 <.001

Current treatment for dementia

Memantine 383 (40.2) 10 (6.3) 393 (35.4) <.001

Donepezil 236 (24.8) 16 (10.1) 252 (22.7) <.001

Rivastigmine 204 (21.4) 7 (4.4) 211 (19.0) <.001

Galantamine 40 (4.2) 4 (2.5) 44 (4.0) .319

Atypical antipsychotics 152 (16.0) 6 (3.8) 158 (14.2) <.001

Typical antipsychotics 131 (13.8) 7 (4.4) 138 (12.4) .001

Antidepressants 338 (35.0) 64 (40.5) 402 (36.2) .226

Benzodiazepines 104 (10.9) 27 (17.1) 131 (11.8) .026

Antiepileptic 58 (6.1) 8 (5.1) 66 (6.0) .612

Hypnotics – No Benzodiazepine 38 (4.0) 3 (1.9) 41 (3.7) .196

Nutraceuticals 116 (12.2) 53 (33.5) 169 (15.2 <.001

Note: Familiarity and BADLs not available for 10 cases with dementia; IADLs not available for 27 cases with dementia and 1 case withMCI.

*P value for comparison dementia vsMCI.

DLB, Dementia lewy body; BADLs, basic activities of daily living; IADLs, instrumental activities of daily living.

63.6% had duration of the disease less than 3 years, and one fourth

had a family history of dementia (Table 2). As for anti-dementia drugs,

82.7% of cases with dementia and 19.0% of cases withMCI were using

cholinesterase inhibitors or memantine!

Overall, 756 cases (68.1% of the total) were correctly identified by

the algorithm,whereas only 42 controls (3.8%of the total) were identi-

fied as cases. The main source of data in the identification of cases was

drug prescriptions detecting 64.8% of cases, followed by hospital dis-

charge (19.2%) and exemption from health care co-payment (7.4%). A

marginal contribution was provided by the LTCF database that identi-

fied 4.1% of the cases but added only two subjects to those identified

by the other sources (Figure 1). If considering only the data of regions

that used LTCF records, that is, Campania and Piemonte, 6.2% of cases

were identified by this source, but adding only amere 0.3%of cases not

identified by the other sources.

The sensitivity and specificity of the algorithm were 68.1% (95%

confidence interval [CI] 65.3–70.8) and 96.2% (95% CI: 94.9–97.3),

respectively, and the AUC was 82.2% (95% CI: 80.7–83.7). Algorithm

performance varied between age groups and was higher in the 75+

years age group (AUC = 84.6, 95% CI: 82.8–86.4). No relevant differ-

encewasobservedby sex (Table3). Theanalysiswas repeated including

data from Toscana (610 cases and 303 controls) confirming substan-

tially our findings. Sensitivity and specificity were respectively 65.6%

(95%CI: 63.3–67.8) and 93.6% (95%CI: 92.2–94.8), whereas AUCwas

79.6% (95% CI: 78.3–80.9), with no differences between gender and

better performance in the oldest age group (Table S1). However, a huge
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F IGURE 1 Contribution of data sources to dementia/MCI cases identification: Venn diagram. HD, hospital discharge; DP, drug prescription;
ER, exemption registry; LTCF, residents in long-term care facilities. The percentage of cases captured by long-term care (LCT) was 6.2%, if excluding
cases from Latium for which this source of data was not available

TABLE 3 Accuracy of the algorithm in classifying cases with dementia/MCI applied to the reference population

SE (95%CI) SPE (95%CI) LR+ LR- PPV NPV AUC (95%CI)

Whole study population 68.1 (65.3, 70.8) 96.2 (94.9, 97.3) 18.1 0.33 94.7 75.2 82.2 (80.7,83.7)

Algorithm stratified by:

Male 66.5 (61.9, 70.9) 96.4 (94.3, 97.9) 18.6 0.35 94.8 74.7 81.4 (79.1, 83.8)

Female 69.1 (65.5, 72.6) 96.1 (94.3, 97.4) 17.7 0.32 94.7 75.5 82.6 (80.7, 84.5)

Age 50–64 years 53.9 (43.0, 64.6) 98.9 (94.2, 100) 50.2 0.47 98.0 69.2 76.4 (71.1, 81.7)

Age 65–74 years 58.4 (52.7, 63.8) 98.0 (96.0, 99.2) 29.8 0.42 96.4 72.6 78.2 (75.4, 81.0)

Age 75+ years 74.3 (70.9, 77.5) 94.9 (92.9, 96.4) 14.5 0.27 93.9 77.7 84.6 (82.8, 86.4)

Algorithm validated for:

MCI 29.7 (22.7, 37.5) 97.5 (93.6, 99.3) 11.8 0.72 92.2 58.1 63.6 (59.8, 67.4)

Dementia 74.5 (71.6, 77.2) 96.0 (94.6, 97.2) 18.7 0.27 94.9 79.1 85.3 (83.7, 86.8)

Dementia 50–64 years 66.2 (53.7, 77.2) 98.6 (92.7, 100) 49.0 0.34 97.8 76.0 82.4 (76.6, 88.2)

Dementia 65+ years 75.1 (72.1, 77.9) 95.8 (94.3, 97.0) 17.9 0.26 94.7 79.3 85.6 (84.0, 87.1)

Abbreviations: AUC, area under the receiver-operating characteristic (ROC) curve (%); LR+, positive likelihood ratio; LR-, negative likelihood ratio; NPV,

negative predictive value (%); PPV, positive predictive value (%); SE, sensitivity (%); SPE, specificity (%).

Cases andcontrolsweredefinedusingdrugprescriptions, hospital discharge, exemption fromhealthcare co-payment and residents in long-termcare facilities

(LTCF).

variability was observed in algorithm performance between regions,

with sensitivity ranging between 52.6% and 81.6%, and specificity

between 83.7% and 97.8%. The region showing theworst performance

had the highest frequency of cases with a short duration of the disease

(34.5%with less than1 year) and thehighest frequency of patients hav-

ing a family history of dementia (31.0%of cases). The algorithmshowed

a better performance in the identification of dementia cases compared

toMCI, with an AUC of 85.3% (95%CI: 83.7–86.8) and 63.6% (95%CI:

59.8–67.4) respectively, and a sensitivity of 74.5% and 29.7%. More-

over, in young adults with dementia, the sensitivity was 66.2% (95%CI:

53.7–77.2) (Table 3). To improve the algorithm performance, a logis-

tic model was performed adding age and sex in the model along with
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TABLE 4 Identification of the characteristics associated withmisclassification of cases bymultivariate logistic regression

OR (95%CI) P value

Age 0.97 (0.95, 0.99) .006

Education (years) 0.94 (0.90, 0.98) .005

Family history (Y vs N) 1.87 (1.30, 2.68) .001

Diagnosis (MCI vs Dementia) 2.04 (1.15, 3.62) .015

Duration of diseasea (vs≥4 years)

1 year or less 7.27 (4.53, 11.68) <.001

2–3 years 2.02 (1.28, 3.19) .003

BADLs 0.90 (0.80, 1.01) .066

MMSE adjusted 1.05 (1.01, 1.08) .012

Use of antidementia treatment (Y vs N) 0.28 (0.19, 0.42) <.001

aYears from diagnosis.

TABLE 5 Estimated prevalence (per 1000 residents) by the search algorithm and comparison with estimates expected using data by literature

50–64 aa ≥65 aa

Male Female total Male Female total

Cases identified 2386 2161 4547 42,710 88,288 130,998

Prevalence estimate 1.19 1.01 1.10 22.8 35.7 30.1

Cases expecteda 3106 3506 6609 95,971 235,522 331,493

Prevalence expected 1.55 1.64 1.59 51.2 95.2 76.2

Ratio estimate/expected 0.77 0.62 0.69 0.45 0.37 0.40

aThe sex-age specific prevalence by Chiari et al. (2021) was applied for age 50–64 years; the sex-age specific prevalence by Bacigalupo et al. (2018) was

applied for age 65 and over.

the algorithm classification as a factor. The corresponding AUC was

slightly higher (83.8, 95%CI: 82.0–85.5) than theAUCconsidering only

the algorithm, due to the additional value of age. This was confirmed

also by the likelihood ratio test performed for age (p = .001) and sex

(p= .824).

The comparison of characteristics of correctly identified cases (true

positive) with cases not identified (false negative) showed the follow-

ing characteristics associated tomisclassification of cases (Table 4): age

(OR = 0.97, p = .006), years of education (OR = 0.94, p = .005), having

a family history of dementia (OR = 1.87, p = .001), diagnosis of MCI

versus dementia (OR= 2.04, p= .015), duration of disease (OR= 7.27,

p < .001 in 1 year or less and OR = 2.02, p = .003 in 2–3 years vs

more than 4 years), BADLs (OR = 0.90, p = .066), MMSE adjusted

(OR= 1.05, p= .012), and current treatment for dementia (OR= 0.28,

p< .001).

Finally, the algorithm was applied to the whole population resi-

dent in the four regions, corresponding to about 30% of the Italian

resident population. The overall prevalence estimated by the algo-

rithm was 16.0 per 1000 residents ages 50 years and older; it was

30.1 per 1000 residents ages 65+ and 1.1 per 1000 residents aged

50–64 years (Table 5). The comparison with data from the literature

showed a prevalence estimate in the 65+ age group 60% lower than

the expected, whereas for the 50–64 year age group the estimate was

31% lower.

4 DISCUSSION

The algorithm developed in this study showed a better performance

in identifying cases with dementia (AUC: 85.3%) compared to cases

with MCI (AUC: 63.6%), in line with the evidence reported in the

literature.7,25 An easy and quick tool is now validated to estimate the

prevalence of dementia over time in four large regions where about

30%of the total Italian population resides, and it could be adopted in all

Italian regions.Our study showed that the algorithm could also be used

to detect early onset dementia, even if with lower sensitivity, whereas

it is not adequate to intercept cases ofMCI.

Subjects with MCI, a condition that usually precedes the onset of

dementia, may not take specific medications for dementia, are usu-

ally not hospitalized and do not reside in a long-term facility, and

do not have a specific exemption code in Italy. In fact, the sensitiv-

ity value for patients with MCI is essentially due to the off-label use

of cholinesterase inhibitors and memantine that allowed the identi-

fication of 37 patients (23.4% of the total) in the database of drugs

prescriptions. The low sensitivity for MCI has also been documented

in a study carried out in intensive care units where patients with MCI

were identified from the electronic medical records with a sensitivity

of only 43.4%.25

The algorithm we propose showed the highest sensitivity in the

elderly age group (75 years of age and older), suggesting that from
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this age onward the clinical conditions of individuals are more easily

intercepted by the health administrative databases used in this study.

However, the sensitivity of the algorithm is not fully satisfactory,

partially because the study population is referring to the community

setting (patients and controls living to home). In fact, most of the sub-

jects included were incident cases (24% had a duration of disease of

1 year or less) and not living in the LTCF, and therefore were not yet

registered in the administrative data used in our study. Contrary to

the available evidence,7 we did not report a difference in the valid-

ity of the algorithm based on different clinical forms of dementia (e.g.,

Alzheimer’s dementia and vascular dementia). This could also be due to

a percentage of 22% of missing diagnoses of clinical forms of dementia

in our study.

An in-depth analysis of cases (MCI or dementia) made it possi-

ble to identify the variables that are most commonly associated with

misclassification of cases (false negatives). Cases not identified by

the algorithm tend to be younger, less educated, and with a positive

family history of dementia, diagnosis of MCI, shorter duration of dis-

ease, a better level of autonomy, more preserved cognitive functions,

and lower use of anti-dementia drugs (Table 4). Similar results were

obtained in a study carried out by Gallini et al.26 The observed vari-

ability between regions in the algorithm performance was explained

primarily by the differences in the characteristics of the enrolled popu-

lations at the regional level, especially family history of dementia and

duration of the disease; both variables are strongly associated with

misclassification of cases (Table 4).

In this context, it is evident that the application of this algorithm

to the currently collected administrative data allows one to partially

intercept cases with dementia in a specific territory.

We observed an underestimation of 31% for the prevalence of

early-onset dementia compared to the expected, and 60% for the

prevalence of dementia in patients 65 years of age or older. These

data should be considered with caution for two main reasons: (1) the

algorithm should identify subjects with MCI and dementia, but the

resulting prevalence estimate was compared to the estimates based

on data available in the literature limited to dementia prevalence only;

(2) for Lazio, the records on residential settings were not available, so,

for this region, the underestimation could be even more pronounced.

However, we highlighted that the population withMCI is unlikely to be

capturedby thealgorithm, and that the contributionof dataon residen-

tial setting to intercept cases of dementia or MCI was minimal (6.2%).

Moreover, for the 50–64 age group, the expected prevalence was

based on data of an Italian study referred to a limited area (province

of Modena) in a single region, and thus could be not fully representa-

tive at the national level. For the age 65 years and over, the prevalence

estimated by ameta-analysis of European studies was applied.22

Overall, this underestimation is explained by the fact that in this

study we considered only four types of administrative data present in

the New National Health Information System, which, indeed, includes

many more sources of data such as outpatient specialist, home care,

emergency room, and mortality register. The choice of data sources

was based on the need to use the administrative databasesmore easily

accessible and commonly used in the Italian regions.

In Italy, there are different regional experiences in using electronic

health records, but so far no validation studies have been conducted in

these regions. For example, in the Emilia-Romagna region, algorithms

were used based on six health records data (drug prescriptions, home

care, hospital discharge, exemption fromhealth-care co-payment, long-

termcare facility, andmortality register), obtaining a1-year prevalence

estimate similar to the prevalence estimate from international data

(6.3% vs 7.6%).27,22 In Canada, the adoption of a validated algorithm

containing health administrative data with hospitalization, physician

claim, and prescription filled in the primary care setting allows esti-

mation of a prevalence of 7.2% cases of dementia in the population

over 65 years.8 Taking into account these experiences as well, we can

assume that the definition of an algorithm that uses a larger number of

administrative data in the context of primary care (with a representa-

tiveness of all forms of dementia at each stage of the disease), would

better estimate the number of people with dementia in the general

population.

To increase the accuracy, future and desirable research in this field

should be conducted involving the expert centers for cognitive disor-

ders so as to provide reliable diagnoses of dementia as also highlighted

in an accurate systematic review on this topic in the UK.28

In conclusion, we consider urgent promoting higher quality studies

on the use of administrative data capable of intercepting cases with

dementia in different countries. This will also allow the development

of a “core set” of shared and validated epidemiological indicators on

dementia to be collected routinely in the context of the WHO Global

Dementia Observatory activities.29
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