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Abstract

Due to the lack of a complete and available indicator synonym database for con-
ducting indicator mapping, the different terminologies used by various hospitals
for the same laboratory test indicator have severely impacted the interconnec-
tion and sharing of medical information across regions, thus necessitating the
standardization of laboratory test indicators. This can be viewed as an entity
alignment problem; however, indicators only have corresponding values and
value ranges, making it difficult to utilize attribute information as in knowl-
edge base instance matching, nor do they possess contextual information as in
entity linking, and there exists no standard knowledge base that provides stan-
dard names for all indicators. To address the aforementioned issues, this paper
proposes an indicator standardization algorithm that first performs clustering
based on the literal features of indicators, and then iteratively conducts bi-
nary classification mapping using similarity features and chunk scoring features.
Experimental results demonstrate that the final binary classification mapping
achieves an F1-score of 85.27%, thereby proving the effectiveness of the method.
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Abstract

Due to the lack of a complete synonym list for indicator mapping, different hos-
pitals may use different names for the same lab indicator. Lab indicator name
discrepancy has greatly affected the medical information sharing and exchange
among hospitals. It is becoming increasingly important to standardize the lab
indicators. Such a problem can be seen as an entity alignment task to map dif-
ferent indicators into standard ones. However, a lab indicator only involves its
name and value, not including any extra properties or contexts which is needed
by existing knowledge base (KB) alignment or entity linking methods. More
importantly, there exists no available standard KBs to provide standard indi-
cator terms. Therefore, we cannot implement these existing methods directly.
To solve the problem, in this paper, we present the first effort to work on lab
indicator standardization. We propose a novel standardization method, which
firstly cluster the indicators based on their names and abbreviations, and then
iteratively employ a binary classification algorithm based on similarity features
and partition score features for indicator mapping. Experimental results on the
real-world medical data show that the final classification achieves a F1-score of
85.27%, which indicates that our method improves the quality and outperforms
state-of-the-art approaches.

Keywords: regional medical health platform; lab indicator; standardization;
clustering; classification
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Introduction

As medical informatization continues to deepen, regional medical health plat-
forms have been established on top of existing healthcare systems both domes-
tically and internationally. Taking Shanghai as an example, with the official
launch of the Shanghai Medical Linkage Project in March 2008, the city built a
clinical diagnosis and treatment information sharing platform encompassing 38
tertiary hospitals, enabling the exchange and sharing of patients’ basic informa-
tion, medical records, inpatient case files, medical orders, medical expenses, labo-
ratory test reports, and medical imaging examination reports, while strengthen-
ing collaborative diagnosis and treatment among hospitals through websites and
other auxiliary systems. However, due to historical reasons, different hospitals
use varying names for the same lab indicator. For instance, “serum sodium”alone
has over 10 different expressions such as “sodium ion concentration,” “NA+,” “ar-
terial blood sodium,” and “blood sodium (Na).” Since no complete and usable
indicator synonym database currently exists for indicator mapping, this issue
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has severely impacted the interconnection and sharing of medical information
across regions. Consequently, standardizing lab indicators in regional medical
health platforms—mapping different names of the same indicator from various
hospitals to a unified standard name—has become critically important. Never-
theless, because lab indicators involve substantial medical knowledge and each
hospital’ s indicator system is complex and heterogeneous, manual standard-
ization by medical professionals would consume considerable time and effort.
Therefore, designing an algorithm for lab indicator standardization has become
essential.

The lab indicator standardization problem can be viewed as an entity alignment
task, which maps candidate indicators in the medical health platform to stan-
dard indicators. Current entity alignment tasks mainly fall into two categories:
instance matching between entities in different knowledge bases [1][2], and en-
tity linking between entities in text and those in knowledge bases [3][4]. The
former typically utilizes attribute information of entities in knowledge bases for
instance matching, while the latter leverages contextual information of entities
in text and attribute information of entities in knowledge bases for entity linking.
However, our task differs from both: lab indicators exist in electronic medical
records with only corresponding values and value ranges, lacking attribute infor-
mation; simultaneously, they do not possess contextual information like entities
in text; more importantly, no standard knowledge base exists in our task to
provide standard indicator names. In other words, existing methods cannot be
directly applied to this task.

In light of this, we propose an indicator standardization algorithm framework
for lab indicators in regional medical health platforms. The framework first
preprocesses indicator data, then utilizes literal features of indicators to clus-
ter different indicators into clusters via a density-based clustering algorithm,
thereby narrowing the scope for indicator alignment. Subsequently, it deter-
mines a standard name for each cluster and employs a binary classification
algorithm to identify synonymous indicators of the standard name within the
cluster. For the remaining non-synonymous indicators, it selects a new stan-
dard name and continues searching for synonymous indicators using the binary
classification algorithm iteratively!, repeating this process until all indicators
within each cluster are synonymous or only one indicator remains in the clus-
ter. Finally, medical professionals review and correct the indicator alignment
results. Experimental results on a dataset from eight tertiary hospitals in Shang-
hai demonstrate that the final binary classification mapping algorithm achieves
an Fl-score of 85.27%.

LOf course, one could also re-cluster all non-synonymous indicators and iterate in
this manner. However, considering that there are too many different indicators
across 38 hospitals in practical applications, the time cost of clustering would
be very high. As a preliminary attempt at a standardization algorithm for
lab indicators in regional medical health platforms, this paper temporarily uses
iterative binary classification for standardization.
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1. Related Work

The lab indicator standardization problem in regional medical health platforms
can be viewed as an entity alignment task, which maps different indicator names
from various hospitals to unified standard indicators. Current entity alignment
tasks can be broadly divided into two categories: instance matching between
entities in different knowledge bases, and entity linking between entities in text
and those in knowledge bases.

Many studies have focused on instance matching between knowledge base enti-
ties. These studies leverage attribute information of entities in knowledge bases
for matching and can be categorized into two types: pairwise entity match-
ing methods and collective entity matching methods. Pairwise entity matching
methods mainly include traditional probability model-based approaches, super-
vised learning methods, clustering methods, and active learning methods. Tra-
ditional probability model methods perform pairwise entity comparison based
on attribute similarity [5][6]. Supervised learning methods commonly use deci-
sion trees [1][7][8], support vector machines [2][9], and ensemble learning [10][11]
for binary classification. Clustering methods utilize attribute similarity for en-
tity clustering [12][13][14]. Active learning methods train classification models
iteratively through human-computer interaction [15][16][17]. Collective entity
matching methods also consider associated entities of entities, with common
approaches including LDA methods [18][19], CRF models [13][20], and Markov
Logic Networks [21][22].

Regarding entity linking between text entities and knowledge base entities, ma-
jor approaches include probability generative model-based methods [3][23], topic
model-based methods [4][24], graph-based methods [25][26][27][28], and deep
neural network-based methods [29][30][31][32].

It should be noted that our research differs from both aforementioned stud-
ies: lab indicators exist in electronic medical records with only corresponding
values and value ranges, making it difficult to utilize attribute information as
in knowledge base instance matching; simultaneously, they lack contextual in-
formation like text entities, making entity linking methods inapplicable; more
importantly, no standard knowledge base exists in our task to provide standard
indicator names.

2. Indicator Standardization Algorithm

The overall process of the indicator standardization algorithm is illustrated in
Figure 1 [Figure 1: see original paper]. First, indicator data undergoes pre-
processing to achieve case unification, unit unification, and indicator reference
value extraction. Next, utilizing literal features of indicators, a density-based
clustering algorithm groups different indicators into clusters to narrow the scope
for indicator alignment. Then, a standard name is determined for each cluster,
and a binary classification algorithm identifies synonymous indicators of the
standard name within the cluster for indicator mapping. For the remaining
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non-synonymous indicators, a new standard name is selected, and the search
for synonymous indicators continues using the binary classification algorithm
iteratively until all indicators within each cluster are synonymous or only one
indicator remains in the cluster. Finally, medical professionals review and cor-
rect the indicator alignment results.

2.1 Data Preprocessing

The indicator data in medical records includes fields such as indicator name,
abbreviation, reference value, unit, affiliated test item, test indicator result,
and abnormal indicator prompt, excluding optional items?. Among these, the
affiliated test item loses significance as a feature for indicator standardization be-
cause standards vary across hospitals; the test indicator result loses significance
because its values differ by patient; and the abnormal indicator prompt loses
significance because it lacks discriminative power for indicators. Therefore, the
usable fields are essentially limited to four items: indicator name, abbreviation,
reference value, and unit. Data preprocessing of indicators primarily involves
unifying indicator case, unifying indicator units, and extracting indicator refer-
ence values.

2In practice, optional fields generally contain no data. For example, the “LOINC
code’field is an important feature for identifying whether indicators are the same;
however, as an optional field, no data is actually entered.

2.2 Indicator Clustering

To narrow the scope for indicator alignment, this paper employs a density-based
clustering algorithm to group different indicators into clusters. Density-based
clustering algorithms partition clusters according to the compactness of sample
distribution, primarily examining sample connectivity and continuously expand-
ing clusters based on connectable samples to obtain final results.

Based on the DBSCAN [33] algorithm, this paper performs indicator clustering
using indicator names and their abbreviations. Specifically, given an indicator
set D = {xy,2,,...,2,}, where z; = (name;, abbr;), with name, representing
the indicator name of the i-th indicator and abbr; representing the abbreviation
of the i-th indicator, we define the -neighborhood and core objects as follows:

Definition 1 ( -neighborhood) For z;, € D, its -neighborhood consists of
all samples in dataset D whose distance from x; is not greater than e, i.e.,
N (x;) ={z; € D | dist(z;,z;) < €}.

Definition 2 (Core object) If ;" s -neighborhood contains at least minPts
samples, i.e., |N_(x,)| > minPts, then x;, is a core object.

Specifically, when determining the -neighborhood, this paper defines a joint

distance dist;,;,(2;,2;): the indicator data z,,z; is divided into two parts
for calculation. First, the cosine distance between indicator names name,; and

name; in multi-hot form (where different dimensions in the 0-1 vector represent
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different Chinese characters) is computed. Then, the edit distance between indi-
cator abbreviations abbr; and abbr; is calculated, which represents the minimum
number of operations required to transform abbr; into abbr; through insertion,
replacement, and deletion operations. Finally, the harmonic mean integrates

the two distances to obtain the joint distance.

The clustering algorithm starts from core objects and continuously expands
outward to generate clusters. Its pseudocode is shown in Algorithm 1.

Algorithm 1: Density-based clustering algorithm

Input: (1) Indicators set D = {x_1, x_2, -+, x_n}
(2) Neighborhood parameters (, minPts)

Output: Cluster partition C = {C_1, C_2, -, C_m}

1. Initialize the Core Object collection: Q =

2. for i =1 ton do

3 Determine the Eps-neighborhood: N_ (x_i)

4. if |N_ (x_i)| $\geq$ minPts then

5. Add x_i to the Core Object set: @ = Q@ {x_i}
6 end

7. end

8 Initialize number of clusters: k = 0, cluster set: C = , unvisited set: I' = D
9. while Q $\neq$ do

10. Record currently not visited collection: I'_{old} =T
11. Select a core object o randomly from Q

12. Initialize the queue Q = [o]

13. Remove o from I', Q: ' =T \ {o}; @ = @ \ {o}

14. while Q $\neq$ do

15. Take the first sample q in queue Q

16. if IN_ (@) | $\geq$ minPts then

17. S=T ©N_(

18. Q=Q+38

19. r=r\s

20. end

21. end

22. k=k+1

23. Generate cluster: C_k = I'_{old} \ T

24 Q=0\Ck

25. end

26. return C

It should be noted that since clustering is an unsupervised learning process,
two potential issues may arise: 1) Indicators clustered together may have differ-
ent medical meanings but are grouped due to similar names or abbreviations;
2) Some outliers are neither core objects nor accessible through core objects,
and thus remain unclustered. Therefore, post-processing of clustering results is
necessary.

1. Unit verification. Assuming that synonymous indicators have the same
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unit, unit verification can be performed on each cluster to separate indi-
cators with different units into different clusters.

2. Outlier handling. For unclustered outliers, there are two processing
options: first, assign outliers to the nearest cluster with matching units
based on distance; second, considering that outliers are far from other
clusters, they may represent entirely new indicators. This paper adopts
the second option.

2.3 Intra-Cluster Binary Classification

Even after post-processing, unsupervised clustering algorithms cannot guaran-
tee that all indicators within a cluster are synonymous. Therefore, this paper
determines a standard name for each cluster and uses a binary classification algo-
rithm to partition indicators within the cluster into two categories: synonymous
indicators of the standard name and non-synonymous indicators. Specifically,
to facilitate post-processing correction by medical professionals and considering
that standard indicators should be the most commonly used ones, this paper se-
lects the most frequently occurring indicator within the cluster as the standard
indicator.

1) Data augmentation. Since it is difficult for medical professionals to
enumerate all synonymous indicators from scratch, and some indicators
may have synonyms completely unrelated to their names (e.g., “B-type na-
triuretic peptide” and “brain natriuretic peptide” ), this paper augments
the training dataset by manually annotating some synonymous indica-
tors for classifier training and extracting synonyms of standard indicators
from SNOMED CT knowledge base [34], LOINC knowledge base [35], and
Baidu Encyclopedia®. Since the SNOMED CT knowledge base is entirely
in English with no Chinese version currently available, translation tools
such as Baidu Translate*, Tencent Translate®, and iCIBA Translate® are
used to translate English indicators into Chinese. It should be noted
that even for the same indicator, translation tools may produce different
translation results, making translation itself another source for obtaining
synonyms. Table 1 provides an example of synonymous indicators for
“B-type natriuretic peptide” after data augmentation.

Table 1 Example of synonymous indicators

Indicator Name Synonym Synonym Sources
B BIShPRRL B 2% $ARk Baidu Encyclopedia
B-EFI AR Baidu Encyclopedia
B BU$APREL LOINC, Tencent Translation

FgARL B B Tencent Translation
RFRHE AL iCIBA Translation
WFISHEL () Tencent Translation, Baidu & iCIBA Translation
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2) Feature extraction. This paper designs two types of features for indica-
tor binary classification: similarity features and partition scoring features.

Similarity features. These features primarily consider the name similarity
and abbreviation similarity between each candidate indicator in the cluster and
the standard indicator and all its synonyms.

For convenience of description, taking name similarity as an example (abbre-
viation similarity follows the same principle), we designate the candidate indi-
cator name in the cluster as name, and the standard indicator name set as
S ={sy,$9,...,8,}, where subscript n represents the total number of standard
and synonymous indicators. We measure similarity using the following four
metrics:

—Longest Common Subsequence Similarity: sim;.(name,,S) =
[lcs(name,,s;)|
5:€5 min(Jname,[s,[)’
longest common subsequence between the candidate indicator name and
a standard indicator name. This similarity can identify indicators with

hypernym-hyponym relationships, such as “blood glucose” and “blood glucose

max where |lcs(name,, s;)| represents the length of the

(emergency),” which have a longest common subsequence similarity of 1.
o s I . _ [name_Ns,|
—Jaccard Similarity: sim;,...q(name,,S) = max, cg [wame-Us|» Where

name, and s; are treated as sets of characters. This can identify indicators
with different name orders, such as “B-type natriuretic peptide” and “natri-
uretic peptide B-type,” which have a Jaccard similarity of 1.

—Cosine Similarity: sim,,(name,,S) = max, cg o=y, where both
i€5 [name,|[s;|

name, and s, are in multi-hot form (different dimensions in the 0-1 vector

represent different Chinese characters). This similarity measures the cosine

angle between two multi-hot indicator names and is less affected by formatting

issues such as inserting “-” in the middle.

x°7

max(lname,|,|s;
where med(name,, s;) represents the minimum number of operations required

to transform name, into s, through insertion, replacement, and deletion
operations. This similarity measures the edit distance between two indicator
names.

—Edit Similarity: sim_g,(name,,S) = max, cg (1— med(name 5‘>‘)>,

Partition scoring features based on one-to-many fields. Partition scor-
ing features are primarily designed for one-to-many fields such as indicator ref-
erence values. For indicator reference values, since different hospitals may set
slightly different upper and lower bounds for the same indicator, in practice
there exists a phenomenon where one indicator name corresponds to multiple
reference values. To address this issue, this paper proposes a reference value-
based indicator partition scoring algorithm, drawing inspiration from the knowl-
edge base entity alignment partition algorithm in reference [36]. The indicator
partition scoring algorithm is based on two assumptions: first, identical indi-
cators have similar reference values; second, indicators with similar reference
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values may be the same indicator. Therefore, the partition scoring algorithm
consists of two parts: first, find the most similar candidate indicator reference
value for each reference value of the standard indicator; then, construct match-
ing partitions between candidate indicators and standard indicators from these
most similar reference values. It should be noted that since the same indicator
may have multiple reference values, the algorithm allows the same indicator to
appear in different partitions. This paper calculates the weighted average score
of candidate indicators based on the weights of different partitions, which serves
as a classification feature.

Specifically, given a candidate indicator x in a cluster, its corresponding refer-
ence value set is Ref, = {refy1,7e¢fypas s refpm}, and the reference value set
of the standard indicator (and its synonyms) is Ref, = {ref,,refs,...,refo,}.
This paper defines reference value similarity as follows:

Definition 3 (Reference Value Similarity) Given two indicator reference
values ref, and ref;, the reference value similarity sim, . (ref,,ref;) is defined
as the cosine similarity after converting the reference value intervals into one-hot
vectors.

For each reference value ref,; in the standard indicator’ s reference set, we
find the most similar candidate indicator reference value ref,; from the cluster,
and these two indicators form a reference value pair (ref,;,ref,;). Based on
the reference value pair, an indicator set pair p; = (X;,S;) can be constructed,
where X is the set of all candidate indicators with reference value ref,;, and
S, is the set of all standard indicators and their synonyms with reference value
refy;. The reference value pair similarity is then defined as:

Definition 4 (Reference Value Pair Similarity) Given two reference value
pairs p; = (X;,5;) and p; = (X}, S;), their similarity is defined as the cosine
similarity between their indicator sets after converting them to one-hot form.

As shown in Figure 2 [Figure 2: see original paper|, the standard reference
value refy, is the interval [0, 100], and its most similar candidate reference
value ref,, is also the interval [0, 100], thus its corresponding indicator set pair
is p; = (X1,5;) = ({4, B}, {a,b}). Similarly, the standard reference ref,, =
[0, 125] corresponds to the indicator set pair p, = (X5, S;) = ({4, B,C}, {a,b}).

During partition matching, if the similarity between two reference value pairs
exceeds threshold 6, i.e., sim(pi,pj) > 6, then their candidate indicator sets
X;, X, and standard indicator sets S;, S; will be included in the same partition.
Intuitively, the more indicators two reference value pairs share, the more likely
they are to be grouped into the same partition.

After partitioning, this paper performs scoring on each partition. Define the
partition result as B = {By, B,, ..., B, }, where n is the number of partitions.

For any partition B;, its score score; = %, where S; is the set of standard

indicators in partition B;, S’ is the set of all standard indicators, and « is a
weight parameter. All indicators in block B, share the same score,.
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Since the algorithm allows an indicator to appear in different partitions, an indi-

cator may have multiple different scores and requires calculation of a weighted

 W(z€B;)-score;
average based on different partition weights: score’(x) = ZBiZEB = U(re) Bs,c_;)re . As
B;eB T

a preliminary attempt at an indicator standardization algorithm, this paper
simply assumes all partitions have equal weights. Specifically, if an indicator is
not assigned to any partition, its score is 0. This is why weighted smoothing is
applied when calculating partition scores score;: as long as an indicator can be
assigned to a partition, it receives a base score.

2.4 Cluster Redefinition

Intra-cluster binary classification partitions indicators within a cluster into syn-
onymous and non-synonymous indicators of the standard indicator. For non-
synonymous indicators, this paper extracts them as a new cluster, selects a new
standard name from them, and continues searching for synonymous indicators
using the binary classification algorithm, iterating until all indicators within
each cluster are synonymous or only one indicator remains in the cluster.

2.5 Indicator Mapping and Correction

At this stage, the indicator standardization algorithm is nearing completion.
It only remains to uniformly map synonymous indicators within each cluster
to their corresponding standard indicators and have medical professionals verify
and correct the alignment results. Specifically, the clustering process may assign
synonymous indicators to different clusters, and after the binary classification
process removes non-synonymous indicators from clusters, manual verification
must also merge synonymous clusters.

3. Experiments
3.1 Dataset

This paper extracts indicator datasets from the Shanghai Clinical Diagnosis and
Treatment Information Sharing Platform for experiments. During the indicator
data extraction process, this paper considers two factors: first, the variety of
indicators must be rich to simulate real-world application scenarios; second, the
names of synonymous indicators must be diverse, otherwise indicator standard-
ization would be meaningless. Therefore, this paper extracts all indicators on
a per-hospital basis to ensure richness, while selecting the top 8 hospitals with
the most diverse indicator names to satisfy diversity requirements.

The number of different indicator names in these 8 hospitals are: 1404, 1243,
1098, 1010, 992, 958, 921, and 849, respectively. After merging and deduplica-
tion, there are 5211 different indicator names. After expanding the abbreviation
fields for these indicator names, the number of distinct records becomes 7542;
after further expanding both abbreviation and reference value fields, the number
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of distinct records reaches 12750. In the clustering experiment section, this pa-
per selects 236 data points for evaluation. In the binary classification experiment
section, this paper samples positive and negative examples at a 1:1 ratio and
splits the sampling results into training and test sets at a 7:3 ratio, ultimately
obtaining 947 training samples and 406 test samples. This paper additionally
selects 100 positive examples and 100 negative examples as a validation set.

3.2 Experimental Setup

This paper employs grid search on the validation set and uses parameters
minPts = 3, ¢ = 0.35, threshold # = 0.7, and o = 0.6 for experiments. Gradi-
ent Boosting Decision Tree (GBDT) is selected as the final binary classification
model, and Precision, Recall, and F1-score are used to evaluate the effectiveness
of clustering and binary classification.

3.3 Experimental Results

3.3.1 Clustering Algorithm Comparison To investigate the effectiveness
of the density-based clustering algorithm (DBSCAN) used in this paper, we
select four common clustering algorithms for comparison: k-means clustering
(K-means), mean shift algorithm (Meanshift), Gaussian Mixture Model (GMM)),
and Agglomerative Hierarchical Clustering (AHC). It should be noted that ex-
cept for Gaussian Mixture Model, these four baseline algorithms require pre-
defined cluster numbers (whereas our algorithm does not). During experiments,
we set their cluster numbers to the true cluster numbers. Experimental results
are shown in Table 2 .

Table 2 Comparisons of different clustering algorithms

Clustering Algorithm  Precision Recall Fl-score

K-means
Meanshift
GMM

AHC

Our DBSCAN

The results show that our density-based clustering algorithm’s F1-score is signif-
icantly higher than the other four clustering algorithms, with improvements ex-
ceeding 10%. However, although our method’ s Recall reaches 91.36%, Precision
is still not very high, demonstrating the necessity of further binary classification
mapping after clustering.

3.3.2 Binary Classification Algorithm Comparison @ Comparison of
different classification features and classifiers. To investigate the impact
of different classification features and classifiers on classification performance,
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this paper selects different feature combinations and compares their F1-scores
under various classifiers including Logistic Regression (LR), Naive Bayes (NB),
k-Nearest Neighbor (KNN), Support Vector Machine (SVM), Random Forest
(RF), and Gradient Boosting Decision Tree (GBDT). Experimental results are
shown in Table 3 , where feature fields Name (name), Abbreviation (Abbr.),
and Reference Value (Ref.) represent name similarity features, abbreviation
similarity features, and reference value partition scoring features, respectively.

Table 3 Comparisons of different classification algorithms

Features Abbr. Name+AbbrName+Ref. Abbr.4+Ref. Name-+Abbr.4Ref.

LR
NB
KNN
SVM
RF
GBDT

The results show that classification performance is best when using name sim-
ilarity features, abbreviation similarity features, and reference value partition
scoring features together with the GBDT classifier, achieving an F1l-score of
85.27%. Horizontally, regardless of the features used, GBDT generally performs
best while NB performs worst. This is because GBDT uses Boosting for ensem-
ble learning, which can effectively improve generalization performance, whereas
the conditional independence assumption of the NB classifier hardly holds in
this context. Vertically, regardless of the classifier, performance generally im-
proves as the number of features increases, reaching optimal performance when
using all three types of classification features.

Comparison with existing methods. Finally, this paper selects three
state-of-the-art methods published in the last three years for comparison with
our binary classification method using all three types of features with the GBDT
classifier. These three baseline methods are:

o Knowledge Graph Fusion (KG Fusion): Wang et al. [37] designed
different types of attribute similarities and used machine learning methods
for multi-source knowledge graph fusion.

o Diagnosis Alignment (Diag. Alignment): Ning et al. [38] utilized
hypernym-hyponym information and attribute similarity of diagnoses to
map Chinese diagnoses to ICD codes.

« Knowledge Base Alignment (KB Alignment): Wang Xuepeng et
al. [39] leveraged web semantic tags for entity alignment in multi-source
knowledge bases.

It should be noted that since our task has neither attribute information nor
contextual information, some features of the three baseline methods cannot

chinarxiv.org/items/chinaxiv-201811.00043 Machine Translation


https://chinarxiv.org/items/chinaxiv-201811.00043

ChinaRxiv [$X]

be used in actual experiments, and we mainly utilized their entity name and
abbreviation similarity calculation methods.

Comparison results with existing methods are shown in Table 4 . The re-
sults demonstrate that our method achieves the best classification performance
among all methods, with Precision, Recall, and F1-score of 86.84%, 83.76%, and
85.27%, respectively. Notably, compared with the last column of Table 3, any
two-feature combination of our method using the GBDT classifier outperforms
existing methods. This is because our algorithm is specifically designed for lab
test indicators, thus achieving better results.

Table 4 Performance comparison of entity alignment

Method Precision Recall F1-score

KG Fusion

Diag. Alignment

KB Alignment

Our Method 86.84% 83.76% 85.27%

Conclusion

This paper addresses lab indicator standardization in regional medical health
platforms by first clustering based on indicator literal features, then iteratively
performing binary classification mapping using similarity features and partition
scoring features. Experiments demonstrate that the final binary classification
mapping achieves an Fl-score of 85.27%, outperforming existing methods. In
the future, synonym information and reference value information of indicators
can be incorporated into the clustering algorithm, and more similarity measure-
ment features can be attempted to obtain better results.
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