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1  |  INTRODUC TION

Dementia is defined as a progressive decline in memory and impair-
ment of executive functions. Dementia is a significant disease and 
causes a heavy burden for patients' health care providers.1 Currently, 
more than 50 million people worldwide live with dementia, and its 

prevalence increases exponentially with age; there are nearly 10 mil-
lion new cases every year, according to a 2021 report by the World 
Health Organization.2 Moreover, cognitive decline after severe 
acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection 
has been widely reported,3 and the increase in the number of pa-
tients with dementia may accelerate.
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Abstract
Introduction: The diagnosis of Alzheimer's disease (AD) is sometimes difficult for non-
specialists, resulting in misdiagnosis. A missed diagnosis can lead to improper manage-
ment and poor outcomes. Moreover, nonspecialists lack a simple diagnostic model 
with high accuracy for AD diagnosis.
Methods: Randomly assigned data, including training data, of 6000 patients and test 
data of 1932 from 7932 patients who visited our memory clinic between 2009 and 
2021 were introduced into the artificial intelligence (AI)-based AD diagnostic model, 
which we had developed.
Results: The AI-based AD diagnostic model used age, sex, Hasegawa's Dementia 
Scale-Revised, the Mini-Mental State Examination, the educational level, and the 
voxel-based specific regional analysis system for Alzheimer's disease (VSRAD) score. 
It had a sensitivity, specificity, and c-static value of 0.954, 0.453, and 0.819, respec-
tively. The other AI-based model that did not use the VSRAD had a sensitivity, speci-
ficity, and c-static value of 0.940, 0.504, and 0.817, respectively.
Discussion: We created an AD diagnostic model with high sensitivity for AD diagnosis 
using only data acquired in daily clinical practice. By using these AI-based models, 
nonspecialists could reduce missed diagnoses and contribute to the appropriate use 
of medical resources.
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An accurate diagnosis of dementia is the first step in ad-
dressing various problems of patients and caregivers; it provides 
guidance for appropriate management and predicts illness trajec-
tory. Alzheimer's disease (AD), which is the most common form 
of dementia, may contribute to 60%–70% of cases of dementia.2 
However, the prevalence of missed diagnosis in patients with de-
mentia is also high.4 Additionally, in primary care settings, insuf-
ficient numbers of dementia specialists are a problem.5 By using 
diagnostic tools with high sensitivity, nonspecialists in areas with 
limited access to specialists can avoid overlooking AD. Appropriate 
screening for AD by nonspecialists contributes to earlier care and 
treatment. Ideal diagnostic models should consist of only simple 
items that nonspecialists can use during a consultation. Currently, 
the emerging field of artificial intelligence (AI) has been playing 
an increasingly crucial role in several aspects of medicine. Large 
clinical datasets of specialists' daily clinical practice can be used to 
construct AI-based practical diagnostic tools, which may be helpful 
for primary care doctors. Although the exact process involved in 
the output of results remains unknown in AI, the proper usage of 
AI-based tools can support clinical practice, especially for nonspe-
cialists. The lack of access to dementia specialists and simple di-
agnostic tools for nonspecialists who treat people living in remote 
areas remains a problem. An accurate AI-based AD diagnosis in the 
primary care setting can lead to rapid and appropriate referral and 
management to consulting specialists and may assist to predict ill-
ness outcomes. Therefore, in this study, we developed an AI-based 
diagnostic model for AD.

2  |  METHODS

This retrospective study was conducted in our hospital from April 
1, 2009, to March 30, 2021. The participants were outpatients 
who were admitted to our memory clinic and diagnosed with AD 
and other diseases as follows: (1) AD; (2) any dementia with Lewy 
bodies (DLB), frontotemporal dementia, vascular dementia, or other 
dementia; (3) mild cognitive impairment (MCI); (4) normal (absence 
of dementia); and (5) psychiatric disorders. AD was diagnosed ac-
cording to the diagnostic criteria of the Diagnostic and Statistical 
Manual of Mental Disorders, 4th Edition. Patients with idiopathic 
normal-pressure hydrocephalus, neurosurgical disorders, epilepsy, 
and neurodegenerative disorders except AD, DLB, and frontotem-
poral dementia were excluded.

We developed two AI-based AD diagnosis models. First, seven 
independent variables were used to create the AI-based diagnostic 
model, namely age, sex, Hasegawa's Dementia Scale-Revised (HDS-
R), Mini-Mental State Examination (MMSE), inability to perform 
the MMSE or HDS-R, voxel-based specific regional analysis sys-
tem for Alzheimer's disease (VSRAD) score,6 and educational level. 
The HDS-R is an evaluation tool for dementia that is widely used in 
Japan.7 The HDS-R includes nine subdomains: (1) age, (2) time ori-
entation, (3) space orientation, (4) immediate recall (registration), (5) 
calculation, (6) digits in reverse, (7) delayed recall, (8) item memory, 

and (9) speech fluency. The total score is 30 points, with a higher 
score indicating better cognitive ability. The cutoff for dementia is 
20 points. Many studies have reported that the sensitivity of the 
HDS-R (93%) is higher than that of the MMSE (82.8%), making it 
more suitable for AD screening.8 The educational level was divided 
into eight groups: elementary school, junior high school, high school, 
vocational school, junior college, university, graduate school, and 
others, such as schools for persons with hearing or communication 
impairments. After developing the model using the seven variables 
described above, we developed an AI-based model without the 
VSRAD score, considering the low availability of the VSRAD score 
in rural areas.

We used the eXtreme Gradient Boosting (XGB) framework, 
Prediction One (Sony Network Communications, Inc.), to develop 
an AI-based AD diagnostic model using the variables described 
above from the training dataset. The rationale behind the use of 
“Prediction One” is that it automatically performs preprocessing 
such as missing value completion and variable normalization, does 
not require the tuning of hyperparameters, and can be easily used by 
non-AI engineers. After z-normalization for each variable, we used 
XGB to classify the five diagnoses. According to previous reports, 
generalizability was ensured by fivefold cross-validation.9,10 Tuning 
was performed to increase the sensitivity. Precision, recall (same 
formula as sensitivity), F values, sensitivity, specificity, and c-statics 
were used for model evaluation in the test dataset. The weight of 
each variable was investigated to determine how it contributed to 
the model reaching a diagnosis. We then performed backward vari-
able selection to seek the best prediction model with small numbers 
of variables and high performance. The features were removed in 
order of decreasing weight. We also developed a prediction model 
using variables chosen by stepwise selection. To compare the use-
fulness of the models, we investigated the c-statics (area under the 
curve; AUC) of the AI-based models, HDS-R, MMSE, VSRAD scores, 
and age for AD diagnosis.

The results are shown with mean ± standard deviation. We per-
formed a t test for numerical variables and a chi-square test for cat-
egorical variables and compared AUCs. The analysis was performed 
with SPSS Statistics 28.0.0 (IBM) and R software (Version 4.1.2). 
Significance was set at two-tailed P < 0.05.

The ethics committee approved the study design. Informed con-
sent was obtained in the form of opt-out. All methods were per-
formed according to the relevant guidelines and regulations of the 
Declaration of Helsinki.

3  |  RESULTS

3.1  |  Patient characteristics

A total of 8396 outpatients who visited our memory clinic and got 
diagnosed with AD; other dementias, MCI, and psychiatric disor-
ders were screened for. Subsequently, 7932 were included in the 
analysis. Participants were randomly assigned to the training data 
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of 6000 cases and test data of 1932 cases. The patient charac-
teristics are shown in Table 1. The mean age was 77.43 years, and 
62.5% were women. The mean MMSE and HDS-R scores were 
19.90 and 19.28, respectively. AD constituted 58.3% of dementia 
cases.

3.2  |  AI-based diagnostic model

The confusion matrix for the training and test data is shown in 
Tables 2 and 3. Table 2 shows the performance of Model 1 (consist-
ing of seven variables), and Table 3 shows that of Model 2 (consisting 
of six variables exclusive of VSRAD).

Regarding Model 1, using seven variables in the training data, 
the precision, recall, F-value, sensitivity, and specificity for AD were 
0.7466, 0.9403, 0.8320, 0.9403, and 0.5568, respectively. These 
values in the test data were 0.7256, 0.9544, 0.8240, 0.9544, 0.5039, 
respectively. The weights that contributed to diagnostic accuracy 
are listed in Table 4. The MMSE, HDS-R, and VSRAD scores contrib-
uted to AD diagnosis with high accuracy.

According to Model 2, using six variables exclusive of the VSRAD 
score in the training data, the precision, recall, F-value, sensitivity, 
and specificity for AD were 0.7382, 0.9357, 0.8253, 0.9357, and 
0.5479, respectively. For the test data, these were 0.7419, 0.9407, 
0.8230,0.9407, and 0.4531, respectively. The MMSE, the HDS-
R, and age contributed to the diagnosis of AD with high accuracy 
(Table 4).

The area under the curve of the AI-based model with the VSRAD 
and the AI-based model without the VSRAD, MMSE, HDS-R, VSRAD 
score, and age were 0.819, 0.817, 0.785, 0.801, 0.717, and 0.363, re-
spectively (Figure 1). We compared the AUCs of AI with or without 
VSRAD score to HDS-R alone. The P values were P  =  0.0222 (AI 
with VSRAD score versus HDS-R), P = 0.0253 (AI without VSRAD 
score versus HDS-R), and P = 0.567 (AI with VSRAD score versus AI 
without VSRAD score), respectively. Therefore, the values of the AI-
based models were higher than those of the other scales and tests.

We performed backward and stepwise variable selection to seek 
the best prediction model with small numbers of variables and high 
performance. Table S1 shows the AUCs of the models created with 
variable selection. The model with all variables had the largest AUC.

TA B L E  1  Patient characteristics

Total (n = 7932)
Training data 
(n = 6000)a

Test data 
(n = 1932)a AD (n = 4630)

Non-AD 
(n = 3302)

Diagnosis

(1) AD 4630 (58.3%) 3466 (57.8%) 1164 (60.1%) - -

(2) Other dementia 1198 (15.1%) 901 (15.0%) 297 (15.3%) - -

(3) MCI 939 (11.8%) 708 (11.8%) 231 (11.0%) - -

(4) Normal 891 (11.2%) 701 (11.7%) 190 (9.8%) - -

(5) Psychiatric disorders 274 (3.5%) 206 (3.4%) 68 (3.5%) - -

Age 77.43 ± 9.71 77.28 ± 9.81 77.93 ± 9.83 80.02 ± 7.16* 74.15 ± 11.61*

Sex, female 4955 (62.5%) 3796 (63.2%) 1159 (59.8%) 3047 (65.8%)* 2111 (63.9%)*

Mean MMSE score 19.90 ± 6.31 19.90 ± 6.32 19.90 ± 6.37 17.46 ± 5.31* 22.98 ± 6.14*

Mean HDS-R score 19.28 ± 7.18 19.30 ± 7.22 19.10 ± 7.29 16.29 ± 6.02* 22.92 ± 6.857*

Inability to perform MMSE or 
HDS-R

32 (0.4%) 24 (0.4%) 8 (0.4%) 24 (0.52%) 12 (0.36%)

VSRAD Score 1.857 ± 2.12 1.842 ± 2.13 1.882 ± 2.22 2.183 ± 1.32 1.570 ± 2.77

Educational level

Elementary school 431 (5.4%) 325 (5.4%) 106 (5.5%) 247 71

Junior high school 1755 (22.1%) 1309 (21.8%) 446 (23.0%) 849 459

High school 3252 (41.0%) 2491 (41.5%) 761 (39.2%) 1326 1084

Vocational school 747 (9.4%) 577 (9.6%) 170 (8.7%) 287 266

Junior college 141 (1.8%) 108 (1.8%) 33 (1.7%) 41 65

University 1567 (19.8%) 1159 (19.3%) 408 (21.1%) 518 656

Graduate school 38 (0.4%) 30 (0.5%) 8 (0.4%) 7 27

Other schools 1 (0.01%) 1 (0.01%) 0 0 2

Abbreviations: AD, Alzheimer's disease; HDS-R, Hasegawa's Dementia Scale-Revised; MCI, mild cognitive impairment; MMSE, mini-mental state 
examination; VSRAD, voxel-based specific regional analysis system for Alzheimer's Disease.
aThere was no statistically significant difference between the two groups.
*P < 0.001
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4  |  DISCUSSION

We addressed two clinical issues. Our AI-based diagnostic model 
has high precision and recall (sensitivity) for AD diagnosis, as shown 
in both the training and test datasets. This model enables nonspe-
cialists to diagnose AD with a probability of more than 70% using 
only six or seven items with or without imaging evaluation. The most 
noteworthy point of this study is that the combination of simple in-
formation using an AI-enabled diagnostic model detected not only 
the presence or absence of dementia but could also aid in the diag-
nosis of AD in the majority of cases.

The big data of memory clinic patients from our routine clinical 
practice produced an AI-based diagnostic model with high precision 
and recall (sensitivity). Although novel drugs and biomarkers for 
early diagnosis in dementia medicine have been reported recently, 
there remains a considerable time gap before their clinical appli-
cation. Under current conditions, optimizing dementia medicine in 
a primary care setting is essential. Primary care doctors generally 
engage in dementia medicine, regardless of their specialty. Hence, 
doctors are required to have some skills in dementia medicine. In 
this context, AI may change the existing practice of medicine.11 An 
advantage of AI is that it can make conventional methods of diagno-
sis and treatment more efficient, accurate, and effective. Although 
the weights of variables cannot fully explain how this impacted the 
results, the clinician's appropriate use of an AI-based model can sup-
port a clinical decision in a reliable form.

Past studies have reported inadequate diagnostic accuracy for 
dementia in primary care settings. The MMSE is often used in pri-
mary care settings and is the most thoroughly studied instrument. 
A systematic review of 14 studies (10,185 participants) resulted in 
a sensitivity and specificity of 88.3% and 86.2%, respectively, for a 
cutoff point of 23/24 or 24/25 to detect dementia.12 However, this 
is limited to the diagnosis of dementia without other types of de-
mentia. The HDS-R is the most used evaluation tool for dementia 
in Japan, equivalent to the MMSE.7 The results of the current study 
matched those of previous HDS-R studies on brain atrophy, which 
suggests a relationship between HDS-R results and hippocampal at-
rophy.13 A recently shortened HDS-R was reported to be similar to 
the full HDS-R.8

In this study, the AD diagnostic tool used seven items. These items 
matched the specialists' clinical abilities based on their years of ex-
perience. Moreover, the HDS-R, MMSE, VSRAD score, age, and ed-
ucational level contributed to AD diagnosis in the same order. First, 
the HDS-R lacks cutoffs modified by the participants' age and edu-
cational level. Older age and lower educational levels usually increase 
the probability of developing AD. A previous study provided an appro-
priate cutoff, which was adjusted by age and educational level.14 Our 
study might compensate for this weak point of the daily use of the 
HDS-R. Our results match those of a recent report describing the risk 
of low education.15 Second, the VSRAD score showed an association 
with a clinical diagnosis of dementia. Therefore, most doctors use the 
VSRAD score to confirm a clinical diagnosis. The VSRAD score reflects 

TA B L E  2  Confusion matrix for training and test data using seven variables

Predicted diagnosis

(1) AD
(2) Other 
dementiaa (3) MCI (4) Normal

(5) Psychiatric 
disorders Recall

Training data

True diagnosis

(1) AD 3259 15 122 30 40 0.9403

(2) Other Dementiaa 709 10 104 46 32 0.0111

(3) MCI 281 7 272 125 41 0.3747

(4) Normal 56 2 121 457 65 0.6519

(5) Psychiatric disorders 72 2 26 75 31 0.1505

Precision 0.7466 0.2788 0.4217 0.6235 0.1483

Test data

True diagnosis

(1) AD 1111 2 29 8 14 0.9544

(2) Other dementiaa 254 0 19 15 9 0

(3) MCI 102 1 59 36 15 0.2769

(4) Normal 33 0 16 120 21 0.6315

(5) Psychiatric disorders 31 1 5 20 11 0.1617

Precision 0.7256 0 0.4609 0.6030 0.1571

Note: Recall and precision for AD diagnosis are described in bold.
aOther dementias include Dementia with Lewy bodies, frontotemporal dementia, vascular dementia, and others.
Abbreviations: AD, Alzheimer's disease; MCI, mild cognitive impairment; Other dementias include Dementia with Lewy bodies, frontotemporal 
dementia, and vascular dementia.
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age-related atrophy of the brain during its developmental process.6 
Our study may indirectly ensure this process.

Moreover, this diagnostic model can be used in other clinical 
settings. Our tool contains common questions that can be obtained 
in routine clinical practice. Our AI-based model can enable patients 
living in rural areas with no dementia specialists and without head 
radiological imaging to be appropriately screened with accuracy so 
that the next steps can be decided. A significant problem in demen-
tia management is the imbalance between the increasing number of 
patients and the limited number of doctors who are specialists in 
dementia.5 It is not realistic to expect that all patients suspected of 

having dementia by their primary care doctors will be referred to 
dementia specialists. Access to specialists in dementia is difficult for 
people living in remote areas and islands. Additionally, patients with 
dementia who visited primary care doctors were reported to have 
an increased need for postdiagnostic support than those who visited 
specialists.16

Although we tried to make an AI-based prediction model detect 
cases that convert from MCI to AD like eye-tracking technology,17 
our database was insufficient to develop such a model. Later, we de-
veloped the AD diagnostic tool to solve the current unmet needs. In 
the future, AI diagnostic support can result in enhancing the quality 
of dementia medicine and can be widely used as a communication 
tool between non-specialists and specialists. Uniting specialists and 
family physicians is an efficacious option to address these prob-
lems.18 In Japan, having “dementia support doctors” who support 
both primary care doctors and dementia specialists has been en-
couraged as an alternative to increasing the number of dementia 
specialists alone.19 To stabilize this movement, a diagnostic tool 
that can be used in the primary care setting is warranted. However, 
highly accurate AD diagnostic tools have not been reported to date. 
In order to address this need for a highly accurate AD diagnostic 
tool, we developed our AI-based AD diagnostic model. This model 
has the potential to solve the problem of low levels of access to 
dementia experts in a population where the number of dementia pa-
tients is increasing. Furthermore, AI-based support can be used as 
a screening tool in telemedicine, which may suggest an appropriate 

TA B L E  3  Confusion matrix for training and test data using six variables without VSRAD

Predicted diagnosis

(1) AD
(2) Other 
dementiaa (3) MCI (4) Normal

(5) Psychiatric 
disorders Recall

Training data

True diagnosis

(1) AD 3243 11 138 37 37 0.9357

(2) Other Dementiaa 714 17 94 42 44 0.0078

(3) MCI 296 1 264 117 48 0.3636

(4) Normal 65 1 111 439 85 0.6262

(5) Psychiatric disorders 75 2 28 67 34 0.1650

Precision 0.7382 0.3182 0.4157 0.6254 0.1371

Test data

True diagnosis

(1) AD 1095 3 45 9 12 0.9407

(2) Other dementiaa 249 2 23 17 6 0.0067

(3) MCI 83 1 77 34 18 0.3615

(4) Normal 19 0 29 126 16 0.6632

(5) Psychiatric disorders 30 0 7 21 10 0.1471

Precision 0.7419 0.3333 0.4254 0.6087 0.1613

Abbreviations: AD, Alzheimer's disease; MCI, mild cognitive impairment; VSRAD, voxel-based specific regional analysis system for Alzheimer's 
disease. The bold values mean recall and precision for an AD diagnosis in both training and test data.
aOther dementias include Dementia with Lewy bodies, frontotemporal dementia, vascular dementia, and others.

TA B L E  4  Weights of each variable

Variables
Weight using 
seven variables

Weight using 
six variables

HDS-R 1.330 1.510

MMSE 1.090 1.240

VSRAD score 0.998 NA

Age 0.847 0.914

Educational level 0.799 0.830

Sex 0.581 0.421

Inability to perform MMSE 0.415 0.401

Abbreviations: HDS-R, Hasegawa's Dementia Scale-Revised; MMSE, 
mini-mental state examination; NA, not applicable; VSRAD, voxel-based 
specific regional analysis system for Alzheimer's disease.



172  |    FUJITA et al.

time to get an imaging evaluation. This support can reduce the bur-
den of a hospital visit and contribute to improvement in health eco-
nomics. AI analysis of progressive changes in dementia may enable 
the prediction of the prognosis; adding an AI-embedded tool to a 
conventional medical questionnaire may open up the possibility 
of personalized medicine in order to predict the disease trajectory 
more accurately.

The limitation of this study was that we used no biomarkers to 
determine the pathological changes of AD. Although a pathologically 
accurate analysis is ideal, we thought that practical usefulness was 
more critical than pathologic confirmation of AD. Second, all partic-
ipants were from a single hospital. This diagnostic model can be a 
reliable diagnostic tool, provided that it is validated in other cohorts. 
Third, cranial imaging is required in some cases to exclude secondary 
dementia. However, clinicians, even nonspecialists in dementia, can 
usually identify these cases through appropriate history taking and 
physical examination. Fourth, clinicians should diagnose early-onset 
AD using a combination of methods rather than relying solely upon 
our diagnostic tools. Patients with early-onset AD often maintain 
their scores on neuropsychological tests.

5  |  CONCLUSION

This study created an AI-based tool to diagnose AD in situations 
with limited resources, bearing in mind that a simple diagnostic tool 
for MCI is warranted in the future to detect cognitive decline at an 
earlier stage.

We created an AD diagnostic model with high precision and re-
call (sensitivity) using only the items acquired during a consultation, 
which nonspecialists can implement quickly into their daily clinical 
practice as a practical diagnostic. Through the use of this diagnos-
tic model, an AD diagnosis by nonspecialists may reduce misdiag-
nosis and contribute to the appropriate and timely use of medical 
resources.
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