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� A risk factor knowledgebase (NDDRF)
is built for neurodegenerative
diseases (NDDs).

� NDDRF collects the risk factors
associated with diagnosis and
prevention of NDDs.

� NDDRF is helpful to the systematic
understanding of the heterogeneous
NDDs

� NDDRF provides knowledge for
personalized diagnosis and
prevention of NDDs.

� NDDRF can be used to the future
explainable artificial intelligent
modeling.
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Introduction: Neurodegenerative diseases (NDDs) are a series of chronic diseases, which are associated
with progressive loss of neuronal structure or function. The complex etiologies of the NDDs remain
unclear, thus the prevention and early diagnosis of NDDs are critical to reducing the mortality and mor-
bidity of these diseases.
Objectives: To provide a systematic understanding of the heterogeneity of the risk factors associated with
different NDDs (pan-neurodegenerative diseases or pan-NDDs), the knowledgebase is established to
facilitate the personalized and knowledge-guided diagnosis, prevention and prediction of NDDs.
Methods: Before data collection, the medical, life science and informatics experts as well as the potential
users of the database were consulted and discussed for the scope of data and the classification of risk fac-
tors. The PubMed database was used as the resource of the data and knowledge extraction. Risk factors of
NDDs were manually collected from literature published between 1975 and 2020.
Results: The comprehensive risk factors database for NDDs (NDDRF) was established including 998 single
or combined risk factors, 2293 records and 1071 articles relevant to the 14 most common NDDs. The sin-
gle risk factors are classified into 3 categories, i.e. epidemiological factors (469), genetic factors (324) and
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biochemical factors (153). Among all the factors, 179 factors are positive and protective, while 880 factors
have negative influence for NDDs. The knowledgebase is available at http://sysbio.org.cn/NDDRF/.
Conclusion: NDDRF provides the structured information and knowledge resource on risk factors of NDDs.
It could benefit the future systematic and personalized investigation of pan-NDDs genesis and progres-
sion. Meanwhile it may be used for the future explainable artificial intelligence modeling for smart diag-
nosis and prevention of NDDs.

� 2022 The Authors. Published by Elsevier B.V. on behalf of Cairo University.
Introduction

Neurodegenerative diseases (NDDs) are a series of chronic
diseases that lead to progressive loss of neuronal structure or func-
tion [1–4]. According to World Health Organization’ s forecasts,
NDDs will overtake cancer and become the second leading cause
of death, ranked after cardiovascular disease [5]. Distinct patho-
physiological mechanisms underlie the different NDDs. Among
them, Parkinson’s disease (PD), which is the second most common
NDDs in the elderly, beginswith a prodromal period of several years
and can last for more than 20 years after the onset of typical motor
symptoms [6]. PD and amyotrophic lateral sclerosis (ALS) mainly
causemotor symptomswhereas others, such as Alzheimer’s disease
(AD) mainly affect non-motor cognitive functions [7]. In 2018,
about 50 million people worldwide suffered from dementia, it
was predicted this number will increase to 152 million by 2050 [8].

There have been shown many similarities between different
NDDs at the sub-cellular level, including atypical protein assembly
and induced cell death. These similarities offer a hope, that is a sin-
gle therapeutic strategy may be effective for the treatment of dif-
ferent NDDs [9,10]. Therefore, the pan-NDDs level information
will benefit the systematic comparison of the profiles about differ-
ent NDDs [11,12]. We previously established a database (NDDVD),
collected the mutations associated with NDDs (http://www.sysbio.
org.cn/NDDVD) and studied their similarity of mutation patterns
[13]. With the accumulation of data from multiple NDDs omics
measurement, we could identify the key players from the NDDs
big data, such as biomarkers [14–16], drugs or drug targets [17]
and risk factors for the prevention and prediction of NDDs [18].

Although the identification of risk factors for a particular dis-
ease is one of the most important areas of medical inquiry, such
research is often aimed at discovering new causes of disease
[19]. In NDDs, a comprehensive compilation of risk factors would
be invaluable in identifying and preventing new causes of NDDs,
and would also provide great opportunities for further systematic
or personalized analysis of the genesis and progression of NDDs.
In epidemiology, risk factors are variables associated with an
increased risk of disease or infection, whereas protective factors
are associated with a decreased risk of disease or infection [20].
Aging is a main risk factor for most NDDs [3,21] and basically there
is no effective treatments for age-related NDDs. The pathologic
changes that accompanied with the onset of NDDs are irreversible.
NDDs are incurable and debilitating diseases, the prevention stage
is critical in NDDs, and the collection of risk factors for NDDs may
build confidence in both disease prevention and research.

We searched existing NDDs related databases and found a few
databases sporadically included the risk factors information, such
as the integrated neurodegenerative disease (INDD) database
[22], which contains demographic data, as well as details of clinical
assessments, neuropathological testing, imaging, pathology, bio-
logical fluids, genetics and clinical trials. The Alzheimer’s Research
Forum website (http://www.alzforum.org) is an independent
research project and designed to develop online community
resources to manage scientific knowledge, information and data
about AD. The AlzRisk database (http://www.alzrisk.org/) contains
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epidemiological risk factors for AD [23]. The etiology of PD is still
unknown and likely multifactorial. Several PD-related databases
have been established in order to study the underlying causes. In
PDGene [24] (http://www.pdgene.org), data from all genetic asso-
ciation studies published in the field of non-Mendelian PD, includ-
ing GWAS, have been collected and meta-analyzed. PDbase [25]
(http://bioportal.kobic.re.kr/PDbase/) is the database of PD-
related gene and genetic variations, assembled using data from
substantia nigra in PD and normal tissues. ParkDB [26] (http://
www2.cancer.ucl.ac.uk/Parkinson_Db2/), which is dedicated to
gene expression in PD, contains a complete set of re-analyzed,
curated and annotated microarray datasets. However, there is no
specific databases or knowledge base for risk factors of pan-
NDDs for public use.

A database that integrates the knowledge of NDD risk factors
will benefit the systematic understanding of the heterogeneity of
the complex NDDs [27,28]. We hereby established a knowledge
base, NDDRF, which covers different types of NDDs risk factors,
such as, epidemiological factors, genetic factors, biochemical fac-
tors, combination factors etc., developing a powerful resource for
comparing of risk factor profiles in pan-NDDs level and for the per-
sonalized prevention of NDDs. We collected data published
between 1975 and 2020 and found 998 risk factors screened from
24,338 PubMed records. The risk factors in our knowledge base can
be classified, displayed, searched in various ways and then ana-
lyzed. NDDRF contains substantial useful information and can be
easily used to explore NDDs associated risk factors and other infor-
mation, according to the needs of the investigators.

Materials and methods

Before data collection, the medical, life science and information
experts as well as the potential users of the data were consulted
and discussed for the scope of data and the classification of risk fac-
tors. After development of the preliminary collection plan, we
modified and improved the process during the collection of data,
based on the article content. In the end, we built a comprehensive
data collection pipeline and developed the classification criteria.

Data inclusion criteria

Conclusion contains a clear positive statement, for example:
Risk factor: ‘is a risk factor for PD’, ‘increases PD risk’, ‘could be a

risk factor for PD’, ‘association with PD’, ‘causes PD’, ‘accelerates PD
progression’, etc.

Protective factor: ‘is a protective factor for PD’, ‘has a positive
effect on PD’, etc.

For the comprehensiveness of the data, we included the risk fac-
tors which are described as ‘‘could be a risk factor”, and also
labeled them clearly as ‘‘could be a risk factor” in the database.

Data exclusion criteria

No conclusive statement, for example:

http://sysbio.org.cn/NDDRF/
http://www.sysbio.org.cn/NDDVD
http://www.sysbio.org.cn/NDDVD
http://www.alzforum.org
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‘is not a risk factor for PD’, ‘is not a genetic factor for PD’, ‘is not
associated with PD’ and ‘is not a protective factor’.

Reviews, comments, abstracts without full text available from
the original publications and book chapters were excluded.

Data sources

We searched the keywords ‘neurodegenerative diseases’ in the
MeSH database (https://www.ncbi.nlm.nih.gov/mesh) and
retrieved a total of 78 NDDs. At the same time, using the specific
keywords such as, (Disease name[tiab] OR Abbreviation[tiab] OR
Alias[tiab]) AND (risk factor*[tiab] OR genetic factor*[tiab] or risk
marker*[tiab]), retract the literature. Meanwhile, the 78 NDDs
were searched independently in PubMed and the extracted data
were then mined manually.

From data deposited between 1975 to December 2020, 24,338
original articles were retrieved. In order to obtain accurate and
original data, only publications with complete information were
collected, the reviews, comments and book chapters (n = 8011)
were not included, 16,327 articles left. For further reference, arti-
cles described animal experiments were included and marked
specifically. We excluded the abstraction of these without full texts
available from the original publications. Since we used abbrevia-
tions for disease names in the keywords for searching, for instance,
Parkinson’s disease was abbreviated to ‘PD’, but also referred to
Fig. 1. Flowchart for collection of risk fac
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something else, such as peritoneal dialysis, pancreatico-
duodenectomy, packing density, programmed death 1 and pro-
grammed death-ligand 1, etc. The articles without clear conclusive
statement were further excluded. Finally 998 risk factors, 2293
records and 1071 articles relevant to 14 types of NDDs were
obtained. A flowchart about details of the literature collection pro-
cess is provided in Fig. 1. The same risk factor might be described
differently in separate articles, so we unified the names of the risk
factors.

Classification criteria

Because of the obvious difference in classification of risk factors
for different diseases, we reviewed the literature and found that
there is currently no standard classification for neurodegenerative
risk factors. To carry out a reasonable classification, we developed
the criteria for the classification of neurodegenerative risk factors
by discussion with clinicians and bioinformatics experts, etc.[29].
The risk factors for NDDs were divided into five categories, i.e., epi-
demiological factors, genetic factors, biochemical factors, combina-
tion factors and non-risk factors. Epidemiological factors mainly
include age, gender, ethnicity, disease and some environmental
factors. Genetic factors mainly include genes, gene variants and
family history. Biochemical factors are various biochemical indica-
tors. Combination factors involve the combination of factors at the
tors for neurodegenerative diseases.

https://www.ncbi.nlm.nih.gov/mesh


Table 1
NDDs risk factor categories in NDDRF knowledge base.

Categories Explanation

Epidemiological factors Age, gender, ethnicity, disease, medication, diet, exposure to the environment, smoking, sleep, comorbidity etc.
Genetic factors genes, mutations, family history, etc.
Biochemical factors Biochemical indicators
Combination factors Combination of epidemiological, genetic or biochemical factors
Non-risk factors It is associated but not a risk for NDDs under certain preconditions

Note: Genetic mutations were divided into three categories: single nucleotide polymorphisms, copy number variations, and other polymorphisms.

Table 2
Risk factor information.

Attributes Description Examples

RF_ID Risk factor ID
Disease name Disease name for particular risk factor Parkinson’s disease
RF_Category Types of risk factors Genetic factors
Polymorphisms category Types of polymorphisms Single nucleotide polymorphism
Gene Gene name PARK16
Variable sites Variable sites rs947211
Species Corresponding species human
Quantity Quantification of specific value of risk factor � 12 years
Object Object of risk factor Late-onset PD
Group Population (or race) of risk factor Han Chinese population
Condition Prerequisites for becoming a risk factor Taking creatine, together with high levels of caffeine intake
Gender Gender-related risk factor Male or female
Age Age-related risk factor � 60
Association Risk factor or protective factor PF or RF
Key Sentence Concluding key sentences in the article

Note: PF (Protective factor); RF (Risk factor)

Table 3
Statistical description of the risk factor.

Attributes Description Examples

Type Experiment type Meta-analysis
Total Total number of people 358
Race (Region) Ethnicity or region of experimental population Japanese population
Case Case information (number, gender, age) 192 (male: 114; female: 78; 66.36 ± 9.74)
Control Control information (number, gender, age) 193 (male: 112; female: 81; 66.94 ± 9.12)
OR, aOR, HR, aHR, RR, IRR OR (95% CI) 1.26 (1.04–1.54)
P-value P-value 0.018
Family history Family history Non-hereditary idiopathic PD
Comorbidity Comorbidity Gaucher disease
Life Style Life style Creatine (5 g twice daily) or placebo for 5 years; caffeine intake during the previous week
Environment Environment Pesticide exposure
Country Experimental country France
Year Experimental year 2000–2010

Table 4
Information for references.

Attributes Description Examples

PMID PMID 21,059,511
Year Year of article 2010
Text type Text type experiment
Title Title of article
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same or the different classification described above. Non-risk
factors are those factors associated but not risk for NDDs. The
classification are shown in Table 1.

Data model

Using the collected data as above, we created three tables for
the knowledge base: risk factor information (Table 2), statistical
description of the risk factors and sample (Table 3), and reference
information (Table 4).

Implementation

The functionality, interface and content of the knowledge base
were designed based on the application scenarios. The WAMP
(Windows + Apache + MySQL + PHP) development environment
was applied to the establishment of our knowledge base, with
226
MySQL as the database server, Apache as the web server software,
Hypertext Preprocessor (PHP) as the scripting language and Win-
dows as the operating system. The WAMP development environ-
ment we used is particularly suitable for the development of
small- and medium-sized databases. The entity relationships of
the NDDRF knowledge base are shown as unified modeling lan-
guage class diagrams in Fig. 2.



Fig. 2. Unified modeling language class diagrams of NDDRF. Note: N (allowed to be Null); U (Unique key).

Table 5
Number of records for different NDDs.

Neurodegenerative Diseases Epidemiological Factor Genetic Factor Biochemical Factor Combination Factor

Alzheimer’s disease 349 459 130 67
Amyotrophic lateral sclerosis 340 98 25 12
Creutzfeldt-Jakob disease 48 20 0 0
Chronic traumatic encephalopathy 3 0 0 0
Frontotemporal dementia 21 19 2 2
Frontotemporal lobar degeneration 8 99 8 0
Hereditary motor and sensory neuropathy 0 2 0 0
Lewy body dementia 12 21 1 0
Motor neuron disease 15 1 4 0
Multiple system atrophy 23 22 0 0
Parkinson’s disease 104 125 17 2
Progressive supranuclear palsy 15 11 1 0
Tourette syndrome 32 7 0 0
Tuberous sclerosis complex 16 0 0 0
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Fig. 3. Web interface of NDDRF. (A) Risk factor page; (B) Categories of NDD; (C) Categories of risk factors; (D) Search page; (E) Details of risk factor; (F) Advanced search; (G)
Submission page.

C. Bi, S. Zhou, X. Liu et al. Journal of Advanced Research 40 (2022) 223–231
Results

Data statistics

The NDDRF knowledge base comprises 14 NDDs: PD (145 risk
factors, total of 248 records), AD (492 risk factors, total of 1005
records), ALS (206 risk factors, total of 417 records), Creutzfeldt-
Jakob disease (27 risk factors, total of 68 records), chronic trau-
matic encephalopathy (three risk factors, total of three records),
frontotemporal dementia (30 risk factors, total of 44 records), fron-
totemporal lobar degeneration (44 risk factors, total of 115
records), hereditary motor and sensory neuropathy (one risk
factor, total of two records), Lewy body dementia (21 risk factors,
total of 34 records), motor neuron disease (14 risk factors, total
of 20 records), multiple system atrophy (18 risk factors, total of
45 records), progressive supranuclear palsy (23 risk factors, total
of 27 records), Tourette’s syndrome (33 risk factors, total of 39
records) and tuberous sclerosis complex (16 risk factors, total of
16 records).

NDDRF contains 946 individual risk factors and 52 combination
risk factors. The individual risk factors were divided into 3 cate-
gories, based on our classification criteria: 469 epidemiological fac-
tors, total of 986 records; 324 genetic factors, total of 885 records;
and 153 biochemical factors, total of 188 records. The knowledge
base also contains 129 non-risk factors, with a total of 147 records.
Classified by association, NDDRF contains 179 protective factors
with a total of 303 records and 880 risk factors with a total of
1844 data. The details are listed in Table 5.
Database schema

The NDDRF knowledge base has 6 pages: a homepage, which
gives a visual representation of the main contents of the knowl-
edge base; a page for risk factors; a search page, which allows basic
and advanced searches; a methods page, which includes an intro-
duction to NDDRF and directions for use; a submission page, which
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allows users to submit new risk factors; and an ‘About Us’ page,
which gives details of our team and the related researches.
Web interface and function

Risk factors page

The risk factors page (Fig. 3A) contains an introduction to NDDs
and risk factors. The right-hand side of the home page displays the
14 NDDs in the knowledge base, as well as links of related data-
bases and websites for users to browse. When users click on the
disease name, a page will be presented to introduce the selected
disease and related information about risk factor (Fig. 3B). At the
lower half of the risk factors page, the 5 categories of risk factors
for NDDs, i.e., epidemiological factors, genetic factors, biochemical
factors, combination factors and non-risk factors, will be shown as
pictures. Users can click the type of risk factor that they want to
browse and check the information (Fig. 3C).
Search page

The search page (Fig. 3D) allows both basic and advanced
searches. The basic search facility mainly allows ‘fuzzy’ queries,
which is suitable for direct queries of risk factor names. When
users enter the keywords of a risk factor in the search box, a list
of the top ten related information about suggestions for the key-
words will be displayed for selection below the search box. After
the keyword selected and the search button clicked, the page will
display the search results and the basic information (ID, disease
name, species, name, association, condition and PMID) of the risk
factor. Users can click on the item they want to check (Fig. 3E).
The risk factor information, reference information and experimen-
tal information, will also be presented in tables. If users want to
know more about this risk factor, they can click on the PMID in
the reference, and a hyperlink is access to the original article.
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The advanced search facility allows combined searches. On this
page (Fig. 3F), we have provided five drop-down lists for different
types of query: risk factor category drop-down list (includes epi-
demiological factors, genetic factors, biochemical factors and com-
bination factors), association drop-down list (includes risk factors
and protective factors), disease name drop-down list (includes
the 14 types of NDDs recorded in the NDDRF), species drop-
down list (human and animal) and literature year (from 1984 to
2020). Therefore, users can search terms individually or in combi-
nation, in line with their personalized applications.

Methods page

On the methods page, we explain the purpose of the NDDRF
knowledge base, the items in the knowledge base and the usage
of the knowledge base. By this module, users can quickly under-
stand the detail of our knowledge base and apply the knowledge
base to their research.

Submission page

On the submission page (Fig. 3G), we allow users to submit new
risk factors to the table. The submission form contains the follow-
ing fields for the risk factor and reference: risk factor name, gender,
object, age, risk factor category, species, association, statistics, con-
dition, PMID, year, key sentence and title (the fields are explained
and we indicate whether they are ‘optional’ or ‘required’). When
the user completed the form and clicked the submit button, data
will be uploaded to our database immediately. The new risk factor
information will be added to our NDDRF knowledge base after our
manual checking and review. We also require contributors to pro-
Fig. 4. Descriptive statistics for NDDRF. (A) Chart shows the number of studies by ye
association of risk factors for all 14 NDDs; (D) Chart shows the records of risk factors by
diagram shows correlation between neurodegenerative diseases and risk factors. The nod
in the NDDRF. The size of the node for each NDD indicates the number of associated risk
NDDs. The thickness and depth of the edges represent connectivity. The edge of the solid
nodes are colored black, red and blue to represent epidemiological, genetic and biochem
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vide their names and contact information on the submission form
so that we can notify them after their data were updated into our
knowledge base.

About us page

This page provides an introduction to our team and the related
researches on NDDs.

Descriptive statistics

We carried out a statistical summary of the data in the NDDRF.
Taking AD and PD as examples, the numbers of articles on risk fac-
tors has increased year by year (Fig. 4A), it indicates that the pre-
vention of NDDs is seen as particularly important. In the future,
more studies will be incorporated and updated into the NDDRF.
Among the 5 types of risk factors, epidemiological factors are the
most, followed by genetic factors (Fig. 4B). In Fig. 4C, we analyzed
the proportion of protective factors and risk factors for 14 NDDs, in
which protective factors accounted about 17% (Fig. 4C). Among the
14 NDDs included in the knowledgebase, AD is the most studied,
followed by ALS and PD. About 1,000 researches were collected
for risk factors of AD (Fig. 4D). Furthermore, the three diseases
are also with the highest morbidity in NDDs. Our knowledge base
includes studies from 51 countries (Fig. 4E), and most studies were
carried out in the United States, followed by China, Italy, and the
United Kingdom. In order to more fully understand the correlation
between NDDs and risk factors, we visualized the data and made a
weighted network diagram of the correlation between NDDs and
risk factors (Fig. 4F). The nodes of apolipoprotein E (15), education
(425), microtubule-associated protein tau (174), smoking (652)
ar of publication; (B) Chart shows categories of risk factors; (C) Chart shows the
disease in NDDRF; (E) Heat map shows country distribution; (F) Weighted network
es represent NDDs and risk factors, and number for nodes indicates the risk factor ID
factors and the size of node for each risk factor represents the number of associated
line represents risk factors and the dotted line represents protective factors. The RF
ical factors.
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and obesity (315) are correlated with a variety of NDDs. These risk
factors have been studied extensively and are common risk factors
for many NDDs, which shows that these top risk factors are very
important.
Discussion

Although more and more studies on the pathogenesis of NDDs
and the risk factors are intensively studied and discovered, recently
the interaction between risk factors and pathogenic mechanisms
requires further study. Because the pathological changes associ-
ated with the onset of most NDDs are irreversible, patients often
have cognitive dysfunction in the middle and the late stages of
the disease. Since there are no effective treatments to delay the
progression of NDDs, the latent stage of the disease is the most
valuable and effective stage to begin neuroprotective therapy and
control. With the paradigm shifting from clinical management to
healthcare, prevention and risk assessment of NDDs are becoming
very necessary [30,31]. We investigated several public databases of
NDDs, including databases on gene expression and genetic varia-
tions associated with PD, such as PDGene, PDbase and ParkDB,
and AlzRisk, which is a comprehensive database covering 15 epi-
demiological risk factors for AD. There is currently neither data-
base of PD risk factors, nor a comprehensive database covering
other types of risk factors.

With the progression of TCGA (The Cancer Genome Atlas) pro-
ject, comparison of molecular alteration profiles of similar diseases
is becoming a new research paradigm [32–36]. NDDs are a series of
disorders progressed with the structural and functional degenera-
tion of the central or peripheral nervous system. The mechanisms
for the genesis and progression of these disease could be similar
[37–40]. A knowledge base of risk factors for NDDs would play
an important role to the pan-NDDs study. We have previously
studied the similarity of mutation profiles for NDDs [13] and bio-
marker profiles for cardiovascular diseases [41], some interesting
phenomenon has been observed with the pan-disease analysis.
As seen from Fig. 4 (F), the risk factors for the different NDDs
shared several same key risk factors, which can only be discovery
by the pan-NDDs analysis. The further study is expected to inves-
tigate the common risk factors for understanding their molecular
mechanisms.

NDDRF is the first knowledge base containing risk factors for
NDDs and provides users with accurate and comprehensive risk
factor information. The data were collected and filtered by our pro-
fessional and experienced researchers. On the basis of the original
keyword search, we also conducted a secondary search for risk fac-
tors that were rarely reported in the results. Our database thus
contains comprehensive information about risk factors and
Table 6
Comparison of NDD databases.

PDGene PDbase

Purpose of the database A database for collecting and meta-
analyzing data from all genetic
association studies published in the
field of non-Mendelian PD

A database of P
related gene an
genetic variatio

Data resource Scientific literature and other
scientific resources

Scientific litera
other scientific
resources

Data collection Manually curated Manually curat
Data type GWAS Data from subs

nigra in PD and
tissues
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includes data from a wide range of original documents. NDDRF
includes 324 genetic factors, 469 epidemiological factors
(including environmental factors), 153 biochemical factors and
52 combination factors from the classification of risk factors, it also
includes 179 protective factors and 880 risk factors. We covered
experimental information, risk factor-related information and
literature information for 14 NDDs.

We compared the risk factors of AD in NDDRF with those in the
AlzRisk database. Interestingly, we found that head injury and obe-
sity are the shared top risk factors. However, AlzRisk only contains
epidemiological risk factors and was last updated in 2018, many of
the top risk factors in our knowledgebase are therefore not
included in AlzRisk. NDDRF has several advantages compared with
other NDD databases (Table 6). Firstly, the types of risk factors
included in NDDRF are more comprehensive, some non-risk factors
and risk models are also incorporated, and risk factors and protec-
tive factors are distinguished. Secondly, compared with many
machine mining databases, manually collected data is more accu-
rate and comprehensive. Thirdly, the search capabilities that we
provide include fuzzy search and list search, which makes NDDRF
more convenient to use. Since knowledgebase is important for the
knowledge graph extraction and the future explainable artificial
intelligence (AI) modeling [42]. NDDRF could be an important
resource to build the trustable and explainable AI for precision
diagnosis and prevention of NDDs.

So far, we only collected risk factors from PubMed and not from
other databases such as EMBASE, etc., in other words, some data
conforming to our inclusion standards were not included in our
knowledge base.

In the next version of the database updating, we will try to
improve the diversity and quality of the data collected in the data-
base. With the fast developing of modern high throughput tech-
nologies and the smart sensors, many types of new risk factors
related to NDDs will be explored and reported. We are planning
to incorporate all the novel risk factors to our knowledgebase. In
addition, if one risk factor is reported by only one or few publica-
tions, the reliability of the risk factor may be lower than the one
with many publications and supports. A quality score will be
developed to access the reliability of the risk factors, considering
the journal’s impact, the citation of the work and the sample size
used in the research, etc.

Furthermore, the NDD level ontology could be built to standard-
ize the NDD terminologies and their relationships [43,44]. The NDD
ontology can integrate the International Classification of Diseases
(ICD) codes, the MeSH terms, the knowledge in our database and
other useful NDD information to build a set of concepts, relation-
ships for the sharing of NDD data and for the artificial intelligent
modellings for NDD classification and personalized prevention.
AlzRisk NDDRF

D-
d
ns

A database for collecting
epidemiologic reports that evaluate
environmental risk factors for AD in
well-defined study cohorts

A knowledgebase for
collecting different categories
of risk factors related to 14
NDDs from literature

ture and Scientific literature Scientific literature

ed Manually curated Manually curated
tantia
normal

Epidemiological factors Epidemiological factors,
Genetic factors, Biochemical
factors and Combination
factors
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Conclusion

We constructed a knowledge base of risk factors for NDDs,
NDDRF, for the future systematic understanding, diagnosis and
prevention of NDDs. With NDDRF as a knowledge resource, we will
continuously update our knowledge base, incorporate visual statis-
tical functions and build personalized models to predict the risk of
NDDs.

Most of the present AI systems are nonlinear, complex and
black-box models, knowledgebase is human intelligence (HI)
based, combining AI with HI is very important in the medicine
and healthcare field, NDDRF knowledgebase provides the personal-
ized knowledge, which could be utilized as structured human
knowledge for the construction of knowledge graphs and be imple-
mented to the AI models and promotes the development of
explainable AI for the NDD diagnosis and prevention.

Notes:

Database URL: http://sysbio.org.cn/NDDRF/.
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