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ABSTRACT

In today's big data environment, the demand for digital transformation of traditional libraries is becoming
more and more urgent. The article adopts BERT-BILSTM-CRF model to extract digital library resources
and retrograde entities, and constructs digital library resources knowledge graph. On the basis of digital
library resources integration, it combines the collaborative filtering algorithm based on users and items to
construct and improve the intelligent recommendation mechanism of digital book resources. The
integration results of digital library resources and intelligent recommendation results are analyzed
separately, and a survey on reader satistaction is conducted. The recognition accuracy of this paper's
method is significantly higher than that of the traditional text-like processing data model. The
collaborative filtering algorithm in this paper provides statistical analysis of the types of book resources
read by each reader, and recommends the top 5 book types in terms of similarity to him/her. This paper's
method has better results in book resource division and book resource recommendation accuracy compared
to other recommendation methods. The average value of readers' satistaction with the resource
recommendation mechanism of the digital library in S city for each dimension and each index is more than
4 points.

Keywords: big data, knowledge graph, collaborative filtering algorithm, resource integration, intelligent
recommendation

1. Introduction

With the development of information science and technology, the era of digitalization has quietly arrived,
and many electronic resources have become the main source of information for people. China's libraries are
also gradually to the development of digital libraries, digital libraries contain a very large amount and
types of data, bringing a lot of convenience to users [ 1-27]. But the digital library also has its own
shortcomings, it contains a mixture of good and bad content, there is no order, the user is more confused
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when looking for, and difterent electronic libraries have their own way of searching, digital resources can
not be unified. In order to better serve the readers, it is very necessary to carry out the digital library
resource integration [ 3-57.

The digital library resource integration is a way to achieve resource optimization, at present, there is no
uniform view in the academic community about the digital library resource integration. But in general,
digital libraries with the help of network technology, through the software system and the network of
digital libraries to carry out resource optimization, to achieve the eftective management of digital library
resources [ 6-87]. The resource integration of digital libraries is to integrate all the scattered data in digital
libraries to form a whole, and to realize the linkage and sharing between all the data. According to their
own needs, users can search the resources of all databases through a search interface, which can meet the
needs of different users. The content of digital library resources mainly includes electronic journals,
documents, databases, video materials, e-books, and collection catalogs, etc. The effective integration of
these rich resources, the construction of the information resource system of the planning, to provide users
with more and better services [9-107.

The current rapid development of modern information technology, so that the network environment of
information and resources show an exponential increase in the trend, mankind is gradually from
information shortage to information overload era. How to get the resources you need or are interested in
from among the massive resource information is also very difficult [11-127. Therefore, in order to
effectively solve this problem and realize the sustainable development of digital libraries, researchers in
related fields have carried out in-depth investigation. Currently, all kinds of recommendation methods in
the practical application, do not require users to provide a clear goal, can be directly based on the user's
interest characteristics, to find the user may be interested in information [ 13-147. However, at present,
there are still drawbacks in the practical application of recommendation methods, for example, the
resources recommended for the user are too similar to the content of the user's historical query record,
which cannot effectively tap the potential interests of the user [ 15-167.

Digital library is a digital technology to deal with all kinds of literature library, digital library is a kind
of virtual. There is no threshold of the library, for the information access, transmission is very very
convenient. The effective integration of the resources of digital library can standardize and unify the
information of digital library to provide users with quality services. Literature [ 177 examined the factors
affecting the construction of digital libraries in Iranian countries, using questionnaires, semi-structured
interviews, etc., revealed eight CSFs of digital library construction, including processes, standards,
personnel, policies, etc., and paying attention to these factors has a positive significance in reducing the
cost of digital libraries. Literature [ 187 reveals the effect of DSpace practice in libraries, points out that
DSpace effectively contributes to the OER movement, and contemplates corresponding measures to
incentivize librarianship practitioners' DSpace implementation and participation in the Open Educational
Resources (OER) movement. Literature [ 197 systematically reviewed and analyzed relevant literature
studies on digital book information visualization, metadata quality, etc., and combined the theories and
information obtained from the literature to build a convenient and scientific interface for digital libraries,
as well as to optimize the repository of digital libraries. Literature 207 introduces and analyzes a theory
of effective provision of information resources to improve financial utilization, aiming to promote the
reasonable publication of the library, library resources on-demand purchase and easy access to open
resources, and finally discusses the feasibility of the theory through a multi-dimensional in-depth analysis.
Literature [217 conducted an experiment to assess the value of digital library resources and the usefulness
of multidisciplinary databases, according to the results of the study, students are very satistied with the
information resources provided by digital libraries, and the study is a positive reference for the optimization
of digital library management and operation. Literature [227] examined how students' print resource
preference and digital skill level affect digital library use in distance education programs, and the results
of the study showed that print resource preference and digital library use were negatively correlated, while
there was no significant relationship between digital skill level and digital library use. Literature [237]
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combined semi-structured interview methods to examine the operation and management of university
libraries in the context of pneumonia, and found that the epidemic has to some extent promoted the
construction of digital libraries and the development of online resource services.

Accompanied by the in-depth development and application of scene recognition technology, intelligent
interconnection technology, and mobile social technology, mobile libraries have begun to provide resource
recommendation services that are highly matched with users' resource preferences and usage behaviors.
Literature [247] conceived a multi-attribute collaborative filtering strategy with ontology as the underlying
logic, which promotes the accurate matching of digital resource search and user needs, and is conducive to
the achievement of the goal of personalized and accurate recommendation of digital learning resources in
digital libraries. Literature [ 257 elaborated on the popularity of social networks, affirmed the positive role
played by digital libraries and reference sharing websites in accurately recommending users' academic
resources, and focused on exploring the collaborative matrix decomposition mechanism of group
recommendation in digital library systems, which deepened users' and researchers' understanding of the
recommendation logic of digital libraries. Literature [267] talks about reading lists based on scholars'
recommendations, after which reading lists from different universities were assembled and evaluated by
library professionals and professional scholars in the fields involved in the reading lists, and considering
issues such as process realization and technology application, targeted suggestions were made to aggregate
reading list services. Literature [27] envisioned a new graph and ranking based recommendation
algorithm for personalized recommendation of user resources and launched a feasibility validation on four
benchmark databases to confirm the feasibility of the proposed recommendation method. Literature [2587]
discusses the issues related to digital library resource recommendation services in the context of the
popularization of information technology, and proposes a library resource recommendation system based
on multimodal features to achieve digital resource recommendation based on user preferences and needs.
Literature [297] developed a library intelligent recommendation framework with artificial intelligence
technology as the core logic, and based on the practical feedback, it was learned that the proposed library
intelligent recommendation framework has high recommendation accuracy, and the mean absolute error
and root mean square error are always the lowest.

After the dataset construction of library resources, the article constructs the ontology model of digital
library resources by entity extraction of digital library resources through BERT-BILSTM-CRF model.
On the basis of the constructed knowledge graph of digital library resources, the collaborative filtering
algorithm based on users and items is combined to construct the intelligent recommendation mechanism
of digital library resources. The results of digital library resource integration based on knowledge graph
and the results of digital library resource intelligent recommendation based on collaborative filtering are
explored respectively, so as to detect the eftect of resource integration and intelligent recommendation in
this paper. User satisfaction indexes for intelligent recommendation of digital library resources are
designed to test the user feedback eftect of the intelligent recommendation mechanism in this paper.

2. Knowledge map-based integration of digital library resources
2.1.  Book resource dataset construction

2.1.1.  Data acquisition. The construction of knowledge graph of book resources needs to be based on
book data, so it is necessary to obtain the original book data from massive resources before constructing
the knowledge graph. The main purpose of the intelligent retrieval system based on the knowledge map of
book resources is to cope with the contradiction between the massive information resources and the user's
precise needs, however, the existing retrieval system is mostly implemented in the form of retrieval of
existing single or multiple fields of book resources, without making full use of the textual information of
the book resources, which returns to the user a more singular result, and fails to realize the precise retrieval.
In the text information of book resources, compared with the book title, the content summary and catalog
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are more detailed descriptions of the book, which contains a lot of valuable information, so it is necessary
to consider collecting information such as book content summary and catalog.

2.1.2.  Data pre-processing. After completing the library resource data crawling, the book data with
missing book authors, publishers, content summaries, and catalogs are eliminated, and the more complete
book data can be obtained initially. The ISBN of the above complete book data is then used as the “primary
crawling data source” to crawl the ISBN of the corresponding books in the National Library Reference and
Consultation Union for the information of the Chinese map number and the subject matter, and then the
book data with missing Chinese map number or subject matter is eliminated after crawling is completed,
and the ISBN of the eliminated books is used as the “secondary crawling data source” to crawl the ISBN of
the books. The ISBN of the removed books is used as the “secondary crawling data source” to crawl the
subject classification information of books in the CALIS Union Catalog Center database. Finally, after
eliminating the book data with missing subject classification information, the ISBNs of the remaining book
data are used to match the information crawled by the National Library, Reference and Consulting Alliance
respectively, and to complete the information of authors, publishers, content briefs, table of contents,
centerfold numbers and subject terms of the book resources, i.e., to obtain the required book resource data
set.

2.2.  Knowledge map construction of digital library resources

In this paper, we study the BERT-BiLSTM-CRF model to realize the automated extraction of entities and
make supplementary improvement to the existing digital library knowledge base. Then the recognized
entities are disambiguated, and finally the knowledge graph ontology and RDF triples are constructed to
complete the construction of digital library knowledge graph expression model.

2.2.1. Entity Extraction for BERT-BILSTM-CRF Models. This section is divided into three parts:
firstly, each module in the BERT-BiILSTM-CRF model is decomposed and studied, after that, entity
recognition is carried out through experiments, and finally, the entity recognition eftect of this model is
evaluated. The BERT-BILSTM-CRF entity recognition model is shown in Fig. 1. This model is parsed
hierarchically from the bottom up, first BERT for semantic encoding, then BILSTM+CRF for decoding
and finally entity recognition.

0 0 B-PER I-PER CRF module
c1 c2 C3 C4
T T T T Backward
LSTM -
< LSTM %— LSTM %¥— LSTM ¥— LSTM ¥— BiLSTM module
Forward
LSTM

—> LSTM —> LSTM —X LSTM —X LSTM ——>

|

BERT processor BERT module
X1 X2 X3 X4 Labeled sequence

Fig. 1. BERT-BILSTM-CRF model of NER

1) BERT-BILSTM-CRF model decomposition
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(1) BERT module. BERT is placed at the bottom layer for extracting contextual textual information,
BERT is a pre-trained language representation model [307. It abandons the traditional approach of pre-
training through a unidirectional language model or the shallow splicing of two unidirectional language
models, and instead adopts a new masked language model MLM approach to generate deep bidirectional
language representations.

(2) BILSTM module. The purpose of the second layer BILSTM is to extract bidirectional textual information,
the development of BiLSTM bidirectional long short-term memory network goes back to RNN recurrent
neural network, a special type of RNN is LSTM long short-term memory, the combination of forward
LSTM and backward LSTM constitutes BILSTM [317].

RNN in the long sequence training process of the existence of gradient disappearance and gradient
explosion problem, and LSTM can be a good solution to this problem.

A neural network module in LSTM is taken for the study, which can be viewed as three parts from left
to right, the leftmost one is the forgetting gate, which is used to decide the information to be discarded,
and the algorithmic formulae for the execution are shown in (1):

fo =W, *[h_,x]+b;) (1)

The middle to determine the updated information consists of two parts, the input gate and the tanh layer,
the input gate is used to determine the updated information and the tanh layer creates a new vector of
candidate values C, and adds it to the state, replacing the old one with the new subject with the formulas

(2) and (3):
i, =oW,*[h_, x]+b) (2)
ét =tanh(\NC *[h[—l' Xt]+bC) (3)

Then comes the updating ot the cell state by discarding the information of the old pronouns and adding
new information as shown in Equation (4):

C, = f *C_ +i *C, (4)

The final output message, the rightmost output gate, also contains two parts, the part that runs the
sigmoid layer to determine the output of the cell state, and then, the final output is determined by the tanh
process, with equations (5) and (6):

o, =oW, *[h_;, x]+b,) (5)
h =0, *tanh(C,) (6)

After the above series of operations to complete the input to the output of a neuron, and then multiple
neurons constitute a complete LSTM network.BiLSTM uses forward LSTM and reverse LSTM for each
word sequence, respectively, and the outputs of t at the same moment are merged to be processed, and
for each moment, it corresponds to the forward and backward information, so BILSTM can better capture
the bidirectional semantic dependency. The formulas are shown in (7), (8) and (9):

h =RNNg, (h_;, %) (7)
hy =RNNg, (R, ) (8)

h =[h,h] (9)

The extracted bi-directional text information will be transferred to the next layer of CRF module for
sequence prediction.
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(3) CRF module. The third layer CRF conditional random field is a basic model in natural language
processing, which is widely used in the scenarios of word segmentation, entity recognition, lexical
annotation, etc., and is used to predict the optimal sequence in this model.

The feature function of CRF includes four parameters:

S : Sentence to be labeled.

I: The ird word or phrase in the sentence.

|, : The lexical property of the ith word or phrase, the output value 1 means the labeled sequence
matches the feature, 0 means it does not.

l, ,: The lexicality of the i—1th (previous) word or phrase, the output value 0 and 1 are the same as
above.

After defining a set of feature functions with M and assigning a weight 4, to each feature function

f;, defining the sentence that needs to be labeled lexically as § and the labeling sequence as 1,then taking
each feature function in the set of feature functions and scoring 1 respectively, the formula is shown in (10):

. (10)
score(l|s)=>">" A, f,(s,i,1,,1;;)

]
Two summation formulas are used in Eq. (10), the inner summation is the sum of the eigenvalues of the
words at each position in the sentence and the outer summation is the sum of each eigenfunction f;.Then

a log-linear representation of this fraction is needed for the purpose of normalization and standardization
to finally obtain the probability value of the labeled sequence P(I|S), as shown in equation (11):

exp[score(l|s)]

pd1s)= > exp[score(l'| s)] (11)

The above is a relevant introduction to the BERT-BILSTM-CRF model and the algorithms of each
module. In the following, the effectiveness of the model in extracting entities will be tested through
experiments and model evaluation will be conducted.

2) Model Evaluation. The accuracy rate is defined as the probability that the actual positive samples
account for all the samples that are predicted to be positive, and the accuracy rate measures the accuracy
of the model. Where the positive samples predicted to be positive by the model in the formula are denoted
by TP (True Positive), the negative samples predicted to be negative by the model are denoted by TN
(True Negative), the negative samples predicted to be positive by the model are denoted by FP (False
Positive), and the positive samples predicted to be negative by the model are denoted by FN (I alse Positive)
The summary is that T is the correctness of the machine judgment and P is whether the machine prediction
1s positive or not.
According to the definition of accuracy rate the formula can be obtained as shown in (12):

. TP
Precision = ———— (12)
TP+FP
Recall is defined as the probability that a sample of the actual positive class is predicted to be positive,
and is detected as the model's rate of checking for completeness, as shown in the formula (13):

TP
recall = ——— (13)
TP+ FN
However, the precision rate and recall rate contradict each other, the key point is FP and FN,to improve
the precision rate, we must reduce the number of FP false positive examples, to enhance the threshold of
becoming a positive example, the number of false counter-examples FN will increase, resulting in a
decrease in the recall rate, so in the two to find a balance between the two, leading to the F'1 reconciliation
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of the average value of this parameter to reconcile the I'1 value is the weighted average of the precision
rate and the recall rate, the formula for (14) is shown:
_ox precision*recall

F —
! precision + recall

(14)

In this paper, the same weight is given to precision and recall, but in actual scenarios, it is necessary to
judge which parameter is more important, precision or recall, according to the specific situation, and give
more weight to the relatively important parameter accordingly.

2.2.2.  Entity disambiguation. In this paper, entity disambiguation is performed using an entity linking
based approach. Specifically, the dictionary-based approach in entity-based linking is used to construct a
dictionary of synonyms in the library domain by customizing it, which contains target and candidate
entities and attaching weights to them. The recognized entities are filtered out again with high weights to
get the final set of entities. So far, the entity disambiguation is completed, and the next step will be to
construct the artifact RDF triples and abstract them into the artifact ontology model to complete the
expression model of the knowledge graph of digital library resources.

2.2.3.  Ontology Modeling of Digital Library Resources. The knowledge graph construction of digital
library resources includes two parts: data layer and schema layer. The data layer stores artifact entities and
relationships, and expresses the association relationship between entities and entities in the form of RDF
triples, and the schema layer is a refined abstract expression of the data layer.

3. Intelligent recommendation mechanism for digital book resources
3.1.  User-based collaborative filtering algorithm

1) Take the user rating data as the basis and transform these data into an interest preference matrix. Use
a vector to represent the interest preference of each user, the user, the item and the user's rating value of
the item constitute each element of the vector, then these vectors will constitute the user's rating matrix
for the item, here with R, as shown in the following matrix:

Ry - R,
R=| ¢ " ¢ (15)

R R

ml mn

where, M denotes the number of users, N denotes the number of items, Rpi denotes the rating of the
item i by the user p and R is generally taken as an integer from 1-5, if the user does not have a

rating for an item then it is denoted by zero. The larger the R, the higher the rating and vice versa the

pi >
lower the rating.

2) Finding the set of nearest neighbor users. This part is the core of the algorithm, which is carried out in
two steps: firstly, the similarity between users is derived by calculation, and then certain rules are
determined to find the most neighboring user set of the target user.

The first step calculates the similarity between the target user P and other users, during which a list
of neighboring users is generated. Where the similarity SIM(pP,q) between user ( and target user P
has a value domain of [-1,17. The closer SIM(pP,q) to 1, the higher the similarity between users P,(;
sim(p,q) the closer -1 means that users P,0 have opposite interest preferences; when sim(p,q)=0
means that there is no similarity between users P,{. In the actual execution of the algorithm writing, we
usually choose the value of sim(p,q) >0.

There are several algorithms for similarity calculation:
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(1) Cosine similarity method. We consider the user's rating for each item as a N-dimensional vector, N
is larger than the number of items, so that we don't have to change the parameters frequently when new
items are added, then the similarity between users is determined by calculating the cosine angle between
the vectors. Due to the nature of the cosine function the larger the value the more similar the two users
are. Assuming that two users P and ( represent their rating matrices for each item as vectors p and
0, then the similarity Sim(p,q) between the users is calculated as:

n

P*q Z;RPX*R“

sim(p,q):cos(r),q):”#”*”#”= - = (16)
P e SR

p*d
IpI*lgl

(Note: Since the ¢ symbol cannot be used in the formula, the ¢ in the is replaced by the

* symbol.)

(2) Modified cosine similarity method. Different users have different evaluation scales for the same item,
so this will lead to inaccurate results in the calculation of similarity due to inaccurate data, cosine similarity
this method ignores this factor. Modified cosine similarity calculation method In order to minimize this
error, the average user rating is introduced into the calculation process using the modified cosine similarity
method, SIM(p,q) calculated as:

2. Ry =R)(R, —R))

- el
sim(p, q) = —=———= — (17)
xel, Xely
where |, represents the intersection part of the set of ratings of user p and user g, I,,1,

represents the set of items rated by user p and user (, and ﬁp and R, represent the average ratings

of all items by users P and (.

Pearson product moment correlation coefficient method

The Pearson product-moment correlation coefticient method, also known as the Pearson correlation
coefficient, is a rubric for determining the linear correlation between two vectors by calculating the
quotient of the covariance and standard deviation between the two variables [327].

In calculating similarity using this method firstly the intersection part of rated items between two users
is found, then linear correlation is calculated and finally similarity is calculated. The similarity calculation
formula SIm(p,q) foruser P anduser Q is as follows:

S (R, ~R)(R,~R,) (18)

sim(p, 4) =~ —

\/X;pq(Rpx—Rp) 2 (RomR)
where |, represents the intersection set of items rated by user p and user q, ﬁp represents the
average score of item ratings by user p in I ,; and ﬁq represents the average rating of item ratings

by user g in 1I,.
3) Recommendation set generation. The algorithm selects the most similar user set after calculating the
similarity through the above several methods, eliminates the items that have been rated by the target user
from all of the items in the user's most similar set, and then calculates how many points the target user
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will give to the rest of the items, and recommends the results obtained through the calculations to the user
after screening.

Let I, be the vector consisting of all item ratings by the target user p, where I, 1,,...,1  is the set
of vectors consisting of item ratings by the users with the highest similarity to the target user p,

respectively, then the vector set 1, =1, U, Ul U..Ul —1  is the set of item ratings of the items that

w
may be recommended to the target user, which leads to the fact that the ratings of VXel,, the target
user P for X may be:

> sim(p,q)* (R, —R,)
= eNp(x)
P,=R, +- (19)

> |sim(p,q)

qeN, (x)

where N (X) denotes the set of users who have rated item X in the set of most similar users of user

P, R, denotes the rating of item X by the most similar users g of target user p, ﬁq denotes the

average score of the set of items rated by user ( in the set of items that have been evaluated by both

_ ) ) . = 1
target user P, and Rp represents the average score of user P rating all items, i.e., Rp = m oy
p lyely

where | ={yel andR =}

3.2.  Item-based collaborative filtering algorithms

The three algorithms mentioned above are also used in the similarity calculation method between items:

1) Cosine similarity method. Firstly, all the user ratings of each item are considered as a vector, the
dimension of this vector is larger than the number of users, so that the parameter variables are modified
frequently for the sake of having new users entering the system. The similarity between items is
determined by back-calculating the angle between the vectors using the inner product between the vectors,
according to the cosine function the smaller the angle the higher the similarity. Assuming that the user
rating vectors for items X and Y are represented by X and ¥, the formula for similarity Sim(X,y)
is:

. Sme,
sim(x,y):cos(>*<,*):”#|| T b= (20)
X[ +]'y 0 .
R 3
p=1 p=1
%*§

(Note: Since the * symbol cannot be used in the formula, the ¢ in is replaced by the *

I X[+ Yl
symbol)

2) Modified cosine similarity method. Similar to the user-based collaborative filtering algorithm, users with
the same preferences will have the same evaluation criteria for the same item, so the idea of equalization is

also introduced here [357. Let P, be the similarity between pairs of items X and items Y, and the
formula for sim(X,y) is:

z (Rpx N Iip)(pr - Iip)

pery

Z (Rpx - Iip)z Z (pr - Iip)z

pePy, peP,

sim(x,y) =

(21)
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where R, and R, denote the ratings of user p foritem X anditem Y,and ﬁp denotes the mean

rating score of the items evaluated by user p.

3) Pearson product moment correlation coefficient method. Let p,, be the set of users who have rated
both item X and item Y, then the similarity Sim(X,y) between item X anditem Y is:

Z (Rpx - Iix)(pr - Iiy)

PEPyy

z (Rpx - Iix)z Z (pr - ﬁy)Z

PEPyy PEPyy

sim(x,y) = (22)

where R,,R, denotes the ratings of item X and item Yy by user P, respectively, and R, and R

denote the mean scores of item X anditem Y on p, ,respectively, ie:

y

1

X | | & (QB)

y = | | R Py (Q4<)
peP,
4) Predicting ratings and generating recommendation results. Predict the ratings of the target user ¢ for
item X based on the ratings of user P for the K most similar items of item X, and then arrange the
predicted results in descending order, and select a part of them as the user's recommendation class list.

Let |, be the set of items that have been evaluated by the user in the system, and the set of candidate

recommended items C, be: Vyel,, both with y items of the K most similar items

C, ={h Jzs J} set, because the candidate items may have appeared in the items that have been
evaluated, then the new set of candidates C;J = Cp —Cp NI, for Vxe C;), then the target user p to C;)
The rating of the items in P, is as follows:

> sim(x, y)*(R,, —R,)

xeCy (p)

B S [sim(x, )|

xeCy (p)

O
20|

(25)

where R, denotes the average score of other users who have rated item X, and the average score of

other users who have rated item Yy is denoted by ﬁy.

3.8.  Assessment of indicators

Statistical accuracy metrics and decision support accuracy metrics are the two main methods for evaluating
how good an algorithm is.

In the statistical accuracy metrics use MAE as a measure, MAE is the difference between the algorithm's
predicted score and the user's own score, it is an indicator of accuracy, the smaller the MAE, the more

accurate the recommendation results will be.
Assuming that the set of item ratings predicted by a particular user through the recommender system

is denoted as {n;,n,,...,N.} and the set of actual ratings is {m;,m,,...,m }, then the MAE is defined as:

k

MAE:Zl:'ni_mi | (26)
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Recall and accuracy are the main metrics of decision support precision metrics. Let the set of valid items
recognized and recommended by the system be A, and the set of valid ones actually recommended B:

B
recall = — 27
- (27)

Accuracy rate indicates the rate of successful item recommendation, i.e., the ratio of the total number
of items predicted accurately to the total number of all items predicted, let the total number of items
predicted be X and the total number of items predicted accurately be Y , then the formula for accuracy
rate is:

precision = A (28)
X

MAE is formally more intuitive and simple to understand, so the paper uses it as a metric in the
recommendation accuracy experiments.

4.  Analysis of the effect of digital library resource integration and recommendation

4.1.  Results of the integration of digital library resources

The experiment selects BMEO labeled data for model training, in the form of 2/3 of 240,000 data as the
training set and 1/38 of unlabeled data as the test set, and uses the BERT-BILSTM-CRF model for training
and validation. Considering the text-based data characteristics and entity types, BMEO annotation was
chosen, 40 labels were established, 1548 entities were labeled, and 248568 words of text-based data were
sliced according to the sentence-level relationships, resulting in a final corpus of 38,855 items, which were
trained using the BERT-BiLSTM-CRF model in accordance with the ratio of the training set and the test
set as 2/3 and 1/3, and the named entity identification of the The results are shown in Table 1.

For the model training results in Table 1, this paper recognizes the test set, and a total of 78234 entities
are recognized, and its recognition accuracy reaches 98%. In comparison, the accuracy rate of traditional
text-like processing data models is usually within 95%. This indicates that the optimized digital library
resource dataset model is well trained. In the named entity recognition work, based on the newly created
labels, this paper can significantly improve the accuracy rate. In addition, the new labels can be used to
optimize and update the results of the original top-down ontology construction, thus expanding the
knowledge system of digital library resources.

Table 1. Named entity recognition results

Tag Precision Recall F1-score Support
Philosophy 0.9667 0.9765 0.9679 612
Economics 0.9044 0.9847 0.9925 137

Law 0.9272 0.9692 0.9949 32

Pedagogy 1.0000 0.9298 0.9987 166
Literature 0.9319 0.9235 0.9593 67
History 1.0000 0.9014 0.8736 34
Science 1.0000 0.9156 0.8731 36
Engineering 0.9398 0.9635 0.9049 65
Agronomy 0.8843 1.0000 0.9989 49
Medical science 0.9144 0.884:8 0.9077 86
Military science 1.0000 0.8799 0.9214 19
Management 0.8838 0.9887 0.9367 176
Art 0.8724 0.9816 0.9192 132
Interdisciplinary subject 0.9804 0.9895 0.9286 46
Total 0.9878 0.9866 0.984:8 78234
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4.2.  Analysis of the results of digital library resource recommendation

In this paper, we calculate the similarity matrix of the books borrowed by readers through cosine similarity
to measure the readers' interest in all the book resources and recommend the book resources that are most
similar to the book resources they borrowed. The similarity matrix of books borrowed by readers is
calculated by cosine similarity as shown in Table 2. Based on the collaborative filtering algorithm of digital
library resources, the recommendation is made for each user, and the books with the top 5 similarities are
recommended.

According to the similarity matrix analysis in Table 2, it can be seen that if a reader views or downloads
book type A, the system will recommend the top 5 book types in terms of similarity, i.e., S (0.442), O (0.092),
Z (0.092), D (0.084), and J (0.083) for him/her. If a reader views or borrows a book of types C and D, the
system will recommend R (0.158), B (0.153), E (0.148), Q (0.147), and Z (0.145) for him/her.

Table 2. Similarity matrix

A B C D E F G H I J K
1.000 0.029 0.049 0.084 0.046 0.054 0.076 0.029 0.052 0.083 0.073
0.029 1.000 0.085 0.153 0.169 0.045 0.251 0.131 0.189 0.266 0.243

0.049 0.085 1.000 0.108 0.148 0.018 0.018 0.054 0.039 0.139 0.029
0.084 0.153 0.108 1.000 0.096 0.118 0.039 0.084 0.041 0.045 0.139
0.046 0.169 0.148 0.096 1.000 0.134% 0.081 0.066 0.035 0.043 0.049
0.054 0.045 0.018 0.118 0.134% 1.000 0.181 0.201 0.163 0.123 0.042
0.076 0.251 0.018 0.039 0.081 0.181 1.000 0.095 0.047 0.023 0.145

0.029 0.131 0.054 0.084 0.066 0.201 0.095 1.000 0.029 0.095 0.145
0.052 0.189 0.039 0.041 0.035 0.163 0.047 0.029 1.000 0.193 0.023
0.083 0.266 0.139 0.045 0.043 0.123 0.023 0.095 0.193 1.000 0.019
0.073 0.243 0.029 0.139 0.049 0.042 0.145 0.145 0.023 0.019 1.000
0.056 0.252 0.044 0.055 0.069 0.113 0.041 0.082 0.034% 0.0565 0.014
0.092 0.087 0.014 0.067 0.123 0.10% 0.121 0.048 0.042 0.062 0.105
0.058 0.157 0.068 0.058 0.077 0.031 0.094 0.016 0.175 0.143 0.038
0.047 0.011 0.074 0.147 0.023 0.112 0.041 0.181 0.072 0.032 0.054
0.056 0.067 0.054 0.158 0.099 0.154 0.085 0.097 0.094 0.174 0.044
0.442 0.054 0.045 0.112 0.072 0.097 0.135 0.225 0.057 0.005 0.111
0.085 0.018 0.105 0.053 0.063 0.091 0.122 0.203 0.079 0.092 0.053
0.087 0.272 0.059 0.031 0.139 0.108 0.136 0.302 0.191 0.021 0.125
0.028 0.028 0.036 0.039 0.105 0.051 0.018 0.165 0.159 0.151 0.059
0.054 0.026 0.117 0.102 0.021 0.202 0.066 0.053 0.228 0.145 0.091
0.092 0.023 0.145 0.053 0.121 0.012 0.089 0.048 0.006 0.012 0.208

N|HX <T@ |FO [T |O|Z |~ |—|— [T |Q|= = |T|O|=|>

0.056 0.092 0.058 0.047 0.056 0.442 0.035 0.037 0.028 0.054 0.092
0.252 0.087 0.157 0.011 0.067 0.054 0.018 0.272 0.028 0.026 0.023
0.044 0.014 0.068 0.074 0.054 0.045 0.105 0.059 0.036 0.117 0.145
0.055 0.067 0.058 0.147 0.158 0.112 0.053 0.031 0.039 0.102 0.053
0.069 0.123 0.077 0.023 0.099 0.072 0.063 0.139 0.105 0.021 0.121

0.113 0.104 0.031 0.112 0.154 0.097 0.091 0.108 0.051 0.202 0.012
0.041 0.121 0.094 0.041 0.085 0.135 0.122 0.136 0.018 0.066 0.089
0.082 0.048 0.016 0.181 0.097 0.225 0.203 0.302 0.165 0.053 0.048
0.034 0.042 0.175 0.072 0.094 0.057 0.079 0.191 0.159 0.228 0.006
0.055 0.062 0.143 0.032 0.174 0.005 0.092 0.021 0.151 0.145 0.012
0.014 0.105 0.038 0.054 0.044 0.111 0.053 0.125 0.059 0.091 0.208

1.000 0.059 0.034 0.037 0.088 0.047 0.056 0.036 0.000 0.000 0.079
0.059 1.000 0.004 0.016 0.044 0.079 0.022 0.047 0.409 0.000 0.000

0.034 0.004 1.000 0.007 0.017 0.018 0.026 0.034 0.027 0.000 0.003
0.087 0.016 0.007 1.000 0.012 0.000 0.032 0.029 0.381 0.009 0.014
0.088 0.044 0.017 0.012 1.000 0.024 0.103 0.043 0.014 0.016 0.000
0.047 0.079 0.018 0.000 0.024 1.000 0.066 0.005 0.112 0.047 0.015
0.056 0.022 0.026 0.032 0.103 0.066 1.000 0.022 0.000 0.033 0.039
0.036 0.047 0.034 0.029 0.043 0.005 0.022 1.000 0.265 0.000 0.005
0.000 0.409 0.027 0.381 0.014 0.112 0.000 0.265 1.000 0.000 0.000

Hl<lgH|lwn|mRO|P|o|Z|R|—|—=|T|Q == |IT Q= >

0.000 0.000 0.000 0.009 0.016 0.047 0.033 0.000 0.000 1.000 0.000
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4.8.  Evaluation and Analysis of Intelligent Recommendation Methods

In order to verify the scientificity of the intelligent recommendation method in this paper, simulation
experiments are conducted. Book resources are obtained from the publicly available S city digital library
resource website, and 10,000 borrowing records of 600 readers are obtained from the existing book lending
platform, and the readers are divided into two parts, the training group and the test group, according to
the ratio of 5:1. In order to reduce the computational difficulty of the experiment, the types of digital
library resources are set as 100, 150, 200, 250 and 300, totaling 5 groups and 1000 resource data packets.

In this experimental session, the evaluation indexes are set as 8 parts: book resource recommendation
result accuracy, reader reading preference division accuracy and book resource recall rate to determine the
application effect of the method in the paper. In order to enhance the comparability of the experimental
results, the collaborative filtering-based intelligent recommendation method in this paper is compared with
the neural network recommendation method and the behavioral sequence recommendation method. The
experimental results of book resource recall rate are shown in Table 3, and the accuracy of book resource
recommendation results are shown in Table 4.

As can be seen from Table 3, in the process ot dividing the digital library resource categories, the method
of this paper can divide the book resources in a more detailed way to ensure that the book resources have
a high recall rate, and the recall rate of the book resources of this paper's method are more than 98.00%.
While the other two methods have a recall rate of more than 95.00%, but the overall low. Combining the
above experimental results, it can be determined that the method of this paper has a relatively high ability
to classify book resources.

As can be seen from Table 4, this paper's method is more accurate in recommending digital book
resources, up to 98.66%, which can provide convenience for readers. The other two methods are relatively
less accurate in book resource recommendation compared to this paper's method.

Table 3. Experimental results of digital book resource’s recall

Neural network recommendation Behavioral sequence
Resource . Ours
method recommendation method
ype Training group Test group Training group Test group Training group | Test group
100 95.49% 95.69% 95.21% 95.76% 98.53% 98.73%
150 95.85% 95.67% 95.08% 95.79% 98.91% 98.61%
200 95.37% 95.67% 95.19% 95.89% 98.65% 98.18%
250 95.88% 95.71% 95.07% 95.66% 98.67% 98.51%
300 95.68% 95.27% 95.22% 95.78% 98.57% 98.84%
Table 4. Accuracy of recommendation results of digital book resource
Neural network recommendation Behavioral sequence Ours
Resource type method recommendation method
Training group Test group Training group Test group Training group Test group
100 92.69% 92.51% 94.57% 93.81% 98.85% 98.36%
150 92.82% 92.50% 94.35% 93.88% 98.79% 98.22%
200 92.60% 92.25% 94.68% 93.79% 98.53% 98.39%
250 92.29% 92.27% 94.55% 93.85% 98.83% 98.55%
300 92.49% 92.26% 94.58% 93.90% 98.49% 98.66%

Further the collaborative filtering recommendation algorithm of this paper is compared with Popular
algorithm and the book resource recommendation model is evaluated. The evaluation results are shown in
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Table 5. Observing Table 5, it is found that Popular algorithm is that as the number of recommendations

increases, its recall R becomes larger and accuracy P becomes smaller. The item-based collaborative

filtering algorithm is different, as the number of recommendations K increases, its recall R becomes larger

and the accuracy P also changes, but its accuracy decreases less than the Popular algorithm.

As can be seen in Table 5, the random recommendation has the worst results, but its F'1 value increases

as the value of K increases. Whereas Popular algorithm at K=3, collaborative filtering has the maximum

F1 value at K=5 and then with the increase in the value of K F1 value has been decreasing. Popular

algorithm is better than collaborative filtering algorithm when K is taken as 1, 8 and as K value increases

recommendation is not as good as collaborative filtering algorithm.

Table 5. Index of recommendation model of book resources

ID TP FP FN TN Precision Recall TPR FPR F1
Random items 1 0.145 0.896 2.844 20.385 0.147 0.065 0.065 0.062 0.082
Random items 3 0.356 2.684 2.433 18.603 0.136 0.149 0.149 0.146 0.142
Random items 5 0.599 4.445 2.196 16.847 0.133 0.247 0.247 0.225 0.174
Random items 7 0.822 6.215 1.977 15.063 0.138 0.326 0.326 312 0.184
Random items 10 1.203 8.833 1.5696 12.445 0.137 0.459 0.4569 0.432 0.206
Popular items 1 0.588 0.456 2.20% 20.837 0.583 0.284 0.284% 0.036 0.874
Popular items 3 1.274 1.766 1.5624 19.518 0.438 0.544 0.544 0.097 0.485
Popular items 5 1.244 2.877 1.5646 18.407 0.293 0.531 0.531 0.152 0.381
Popular items 7 1.398 4.082 1.394 17.205 0.246 0.599 0.599 0.208 0.348
Popular items 10 1.5688 5.5682 1.216 15.703 0.217 0.668 0.668 0.283 0.318

CF 1 0.409 0.533 2.397 20.748 0.446 0.216 0.216 0.048 0.288
CF 3 0.855 1.759 1.943 19.5687 0.334 0.382 0.382 0.102 0.859
CF 5 1.822 3.215 0.964 18.077 0.385 0.736 0.736 0.165 0.503
CF 7 2.152 4.889 0.645 16.407 0.324 0.845 0.845 0.249 0.467
CF 10 2.477 7.562 0.328 13.714 0.266 0.946 0.946 0.368 0.405

4.4.  Recommendation Satisfaction Analysis

At present, there is no fixed index system for the research of user satisfaction of intelligent
recommendation of digital library resources, therefore, this paper refers to SERVQUAL model and
LibQUAL + TM model, and refines the user satisfaction index of intelligent recommendation of digital

library resources as shown in Table 6.
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Table 6. User satisfaction of digital library resource intelligent recommendation

Dimension Number Index
) Q1 Provide various digital resources
Resource service ; ;
Q2 Provide resource sharing platform
Q3 Information query service
Service quality Q4 Reading promotion content
Q5 Special service
Q6 Willing to help users
Q7 Understand the user needs
User demand . - .
08 Handle the reliability of user service problems
09 The user's needs need immediate response
Q10 Reasonable layout design
Q11 Simple function
Mechanism design Q12 Clear navigation Settings
Q13 Background network system stability
Q14 Page response speed
Q15 Be able to easily query the content
Q16 Access to the required electronic resources
Service protection Q17 Timely update of electronic resources
Q18 Focus on personalized needs
Q19 Timely interaction
Privacy protection 020 User security privacy protection
. 021 It's both comprehensive and not repetitive
Comprehensiveness ) -
Q22 Resource integrity
R 023 Resource normalization
Applicability —
Q24 Resource reliability

565 patrons of the digital library in S city were randomly selected for a questionnaire survey, and patron
satisfaction was studied using a 5-point Likert scale. The satisfaction of each dimension of the intelligent
recommendation mechanism of digital library resources is shown in Figure 2. As can be seen in Figure 2,
readers' satisfaction with the dimensions of the resource recommendation mechanism of the digital library
in S city exceeds 4 points, of which the highest satisfaction is the quality of service, which reaches 4.62
points, and the lowest is privacy protection, which is 4.09 points.
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Fig. 2. Dimensional satisfaction of digital library intelligent recommendation mechanism

Further exploring the satisfaction of each subdivided index, the satisfaction of each index of the
intelligent recommendation mechanism of digital library resources is shown in Figure 3. From Figure 3,
it is found that the satisfaction of this paper's digital library intelligent recommendation mechanism based
on collaborative filtering algorithm is more than 4 points in each index, indicating that this paper's digital
library intelligent recommendation mechanism has achieved good feedback in practical application.
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Fig. 3. Index satisfaction of digital library intelligent recommendation mechanism
5. Conclusion

This paper utilizes BERT-BILSTM-CRF model to integrate and store digital library resources, constructs
digital library resource knowledge graph, and adopts collaborative filtering algorithm based on users and
items to construct digital library resource intelligent recommendation mechanism. Then analyze the effect
of digital library resources integration and intelligent recommendation.

1) The recognition accuracy of the method in this paper reaches 98%, which is higher than the traditional
text-like processing data model. In the work of named entity recognition, based on the newly created labels,
this paper can significantly improve the accuracy rate, so as to expand the knowledge system of digital
library resources.

2) The collaborative filtering algorithm in this paper, for each reader to read the type of book resources
to recommend, recommend the top 5 similarity of the book type.

3) The recall rate of book resources of this paper's method is 98.57% and 98.84%, respectively. The
recall rate of the neural network recommendation method and the behavioral sequence recommendation
method do not exceed 96.00%. This paper's method is more capable in book resource segmentation. The
accuracy rate of this paper's method in recommending digital book resources is up to 98.66%, which is
much higher than the other two recommendation methods.

4) The mean value of readers' satisfaction with the dimensions of the resource recommendation
mechanism of S City Digital Library is in the range of 4.09 to 4.62. The highest satisfaction score is service
quality and the lowest is privacy protection.
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