Hindawi
Journal of Sensors
Volume 2021, Article ID 7062511, 7 pages
https://doi.org/10.1155/2021/7062511

Research Article
Model and Verification of Medical English Machine Translation
Based on Optimized Generalized Likelihood Ratio Algorithm
Peng Yu
1
2

1

and Youyu Zhu

2

School of Foreign Languages, Chaohu University, Chaohu, Anhui 238024, China
School of Basic Medical Sciences, Anhui Medical University, Hefei 230032, China

Correspondence should be addressed to Youyu Zhu; zhuyy0103@126.com
Received 24 July 2021; Revised 26 October 2021; Accepted 6 December 2021; Published 28 December 2021
Academic Editor: Kelvin Wong
Copyright © 2021 Peng Yu and Youyu Zhu. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.
Phrase identiﬁcation plays an important role in medical English machine translation. However, the phrases in medical English are
complicated in internal structure and semantic relationship, which hinders the identiﬁcation of machine translation and thus
aﬀects the accuracy of translation results. With the aim of breaking through the bottleneck of machine translation in medical
ﬁeld, this paper designed a machine translation model based on the optimized generalized likelihood ratio (GLR) algorithm.
Speciﬁcally, the model in question established a medical phrase corpus of 250,000 English and 280,000 Chinese words, applied
the symbol mapping function to the identiﬁcation of the phrase’s part of speech, and employed the syntactic function of the
multioutput analysis table structure to correct the structural ambiguity in the identiﬁcation of the part of speech, eventually
obtaining the ﬁnal identiﬁcation result. According to the comprehensive veriﬁcation, the translation model employing the
optimized GLR algorithm was seen to improve the speed, accuracy, and update performance of machine translation and was
seen to be more suitable for machine translation in medical ﬁeld, therefore providing a new perspective for the employment of
medical machine translation.

1. Introduction
Aﬀected by the raging novel coronavirus the world over,
medical English translation has become an active and
important communication medium in the ﬁght against the
epidemic among the countries. In recent years, the number
of machine translation applications has witnessed a boom
due to the fact that education and technology develop at
the fastest speed that we have ever seen [1]. These applications, however, are mainly concentrated in the translation
of such ﬁelds as cultural exchanges, economy, politics, and
academic literature. Less attention was seen to be paid to
the special ﬁeld, for example, medical English translation
in question. Moreover, existing machine translation technology did exhibit some drawbacks when applied to the ﬁeld of
medical translation. For instance, there are terms representing categories and concepts in medicine, whose semantic
relationship is complicated within these phrases, posing

problems for the phrase identiﬁcation in current machine
translation. Accordingly, the accuracy of the identiﬁcation
in machine translation is seen to fail to meet the standards
of medical translation. As we all know, phrase identiﬁcation
plays a crucial role in machine translation. Notably, one of
the diﬃculties of the current English-Chinese machine
translation is the resolution of phrase ambiguity [2]. Furthermore, medical terms usually display a high degree of
ambiguity in both English and Chinese languages, which
makes the syntactic analysis in machine translation
extremely complicated. But this ambiguity, to a large extent,
can only to be solved by phrase identiﬁcation, and thus,
machine translation is inseparable from phrase identiﬁcation. Along this line of consideration, the core issue aﬀecting
the quality of machine translation is the machine’s performance to deal with ambiguities based on employing appropriate phrase identiﬁcation. To be speciﬁc, structural
ambiguity is one of the most complex ones, and previous
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researchers studied this phenomenon from multiple angles
and proposed a variety of methods for phrase identiﬁcation
and disambiguation [3].
Joty et al. [4] applied a rule-based algorithm to phrase
identiﬁcation via calling the rules in question to obtain correct labeling, trying to establish a complete and accurate set
of labeling rules. This algorithm could accurately describe
the certain phenomenon between part of speech collocations. However, it was not seen to be a satisfying solution
to structural ambiguity of the phrases since the language
coverage of the rules was limited, the compilation and the
maintenance of the huge rule base were overwhelming, and
the priority and the conﬂict between the rules were not easy
to be settled.
Banik et al. [5] used statistical algorithm for phrase identiﬁcation. The algorithm was described to collect the language information in the training corpus via statistical
methods. To be speciﬁc, the information of the language in
statistical algorithm was used as an automatically “summed
up” language phenomenon and was applied to the test corpus to obtain the correct part-of-speech tagging [6–9]. Evidently, this algorithm considered the dependence among
parts of speech from a macro perspective, which was seen
to cover most language phenomenon, thus possessing an
overall higher accuracy and stability. Comparatively, the
accuracy of statistical algorithm in describing the phenomenon of determining part of speech collocation was not as
good as that of the rule-based algorithm.
Hybrid algorithm was also employed by the researchers
for phrase identiﬁcation. The hybrid method, as the name
implied, referred to the combination of rule-based algorithm
and statistical algorithm. Namely, its part-of-speech tagging
model combined those of the two algorithms, which was
regarded as the most eﬀective tagging method based on the
statistical algorithm tagging mode via the rule-based algorithm. Nevertheless, hybrid algorithms still could not resolve
structural ambiguities to a large extent. In summary, in these
automatic phrase identiﬁcation algorithms, some structures
that were extremely simple in artiﬁcial translation could
not yet be accurately identiﬁed.
After reviewing the above literature, it is not diﬃcult to
ﬁnd that the intelligent identiﬁcation of phrases is to recognize and summarize the phrases in the sentence, to mark
their part of speech and syntax, and automatically to combine and translate them against the corpus, eventually
obtaining the corresponding translation results. Evidently,
nowadays, there are quite many English translation model
designs, most of which were designed based on word-sense
disambiguation and semantic role labeling. To a certain
extent, they could partly meet the needs of users. However,
medical translation is diﬀerent from other general translation activities. It has higher requirements for accuracy and
professionalism. Therefore, common part-of-speech identiﬁcation technologies could hardly meet the requirements of
medical English translation.
As mentioned in the foregoing sections, intelligent
phrase identiﬁcation was regarded as the core of medical
English translation since it could facilitate the selection of
translation samples and the precise alignment of parallel

Journal of Sensors
corpus. Furthermore, the use of phrase intelligent identiﬁcation technology could eﬀectively remove structural ambiguity. Along this line of consideration, the present paper used a
machine translation model on the basis of an optimized likelihood ratio (GLR) algorithm [10]. To be speciﬁc, the algorithm in question constructed a medical phrase corpus of
approximately 250,000 English and 280,000 Chinese words
labeled, making the phrases searchable. These phrases, like
those of vocabulary, were made to possess such features as
subcategories, morphology, semantics, and other characteristics. In eﬀect, these features were mainly reﬂected by the
central word of a phrase. Accordingly, the part-of-speech
identiﬁcation result was obtained while recognizing the
short syntactic structure, and the ambiguity of the EnglishChinese structure in the part-of-speech identiﬁcation was
corrected in accordance with the syntactic function of the
parsing linear table. Finally, the recognized content was
obtained, and the actual range of the position of the phrase
in translation was therefore determined. Therefore, the
model based an optimized GLR was assumed to alleviate
the structural ambiguity in the current medical translation
to a certain extent and to improve the accuracy of phrase
identiﬁcation.

2. Intelligent Modes Based on Optimized GLR
2.1. Construction of Medical English Intelligent Translation
Model. The machine translation model based on the bilingual corpus is seen to make its translation more accurate
via the identiﬁcation of phrases, thus contributing more help
to translators. Therefore, corpus, especially bilingual corpus,
is increasingly gaining attention and application in current
intelligent translation models. To be speciﬁc, accurately
labeling the English-Chinese bilingual phrase corpus and
storing it in the corpus would, to a large extent, improve
the accuracy and eﬃciency of the phrase identiﬁcation algorithm in the machine translation process, which would serve
as an eﬀective auxiliary tool for translators to improve translation quality and eﬃciency [11–13]. Corpus, however, is a
multiangle, multilevel, and multidomain research tool,
whose classiﬁcation is intricate and still seems to be an open
question. In spite of that, the English-Chinese bilingual medical phrase corpus is homogenous, that is, it only collected
the same type of content. Accordingly, this type of corpus
would be more accurate and professional when applied to
machine translation in speciﬁc ﬁelds, and meanwhile, the
probability of ambiguity in semantic identiﬁcation would
also be reduced.
Notably, the following three aspects were considered in
the construction of the English-Chinese bilingual medical
corpus in question. First is the ﬁeld of the corpus. Medical
ﬁeld is regarded as an important one of machine translation
applications. Communication in medicine, as we know, is
often carried out among hospitals, ﬁrms, and individuals
using diﬀerent languages, especially English and other languages. Therefore, a certain demand for machine translation
cannot be avoided in such an information-explosion era.
From a linguistic point of view, medical English is unique
in stylistic features, i.e., obvious syntactic and morphological
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features, such as rich terminology, rigorous long sentence
structure, and standardized wording. Moreover, its written
medical tests are stylized. Thus, these features make it more
suitable for the research and application of machine translation. Second are the size, the genre, and the style of the corpus. Due to the limited time and manpower, the scale of the
English-Chinese bilingual medical phrase corpus in this
paper was positioned at 15,000 sentence pairs, with the genre
of the corpus being medical language and with the style
being written and spoken language. Third is the collection
and the sorting of corpus. The collection and arrangement
of corpus was composed of ﬁve processes: corpus collection,
clauses, English-Chinese alignment, deduplication, and
proofreading, separately. To be speciﬁc, the source of the
corpus was from publicly issued books and electronic journals, and the corpus itself was in terms of sentence-level parallel. Moreover, the original corpus collected initially was
paragraphs, and then, the phrases of which were divided into
sentences. The division of sentences, however, was mainly in
terms of English ones. Furthermore, in the English-Chinese
alignment stage, Chinese sentences were matched to their
English counterparts, and after the alignment of English
and Chinese, the duplicates were removed. Therefore, there
were no repeated English sentences in the corpus. Furthermore, the ﬁnal process was proofreading, while other aspects
remained the original appearance of the corpus. Thus, the
authenticity of the corpus was assured.
Accordingly, the phrase corpus of medical translation
model constructed in this paper contained 250,000 English
words and 280,000 Chinese counterparts, which could meet
the needs of constructing 10,000 sentences and 5000
phrases. As is shown in Table 1, the medical phrase corpus
was homogeneous, mainly focusing on medical-related professional terms, and could be translated between English and
Chinese in various medical ﬁelds such as clinical, pharmacy,
and imaging. To be speciﬁc, the English phrase corpus and
that of Chinese were marked separately, meanwhile distinguishing the tenses of diﬀerent phrase corpus. Evidently,
the corpus processing method was composed of three parts:
data, level, and processing mode, separately. Speciﬁcally, the
type of data was text format, and the level of part of speech
and alignment were selected. Additionally, the processing
method adopted direct interaction between human and
machine, carrying out a series of operations of translation
and promoting the authenticity and accuracy of phrase corpus translation. The speciﬁc corpus information is shown in
Table 1.
2.2. The Optimized Algorithm Employed in the Model. As
mentioned in the foregoing sections, phrase-level syntax
analysis was the core of the intelligent identiﬁcation algorithm of machine translation, while the GLR algorithm was
a commonly used algorithm in part-of-speech identiﬁcation
[14]. To be speciﬁc, this algorithm was the one that identiﬁed context-independent languages via the analysis tables
of “action” and “goto.” Furthermore, each table entry contained multiple shifts or reduction actions in which each
entry and each exit of the stack existed in terms of the state
symbol pair. However, when there was ambiguity between
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advancement and statute, the GLR algorithm would apply
the graph structure stack technology to copying the analysis
stack, allowing each analysis stack to complete an action in
the analysis table, while retaining multiple possibilities to
generate multiple identiﬁcation results. Then, an independent analysis would be carried out on these identiﬁcation
results. Particularly, when an error occurred in one of the
analysis stacks, this analysis stack was discarded and other
analysis results were output [15, 16].
Therefore, when a machine translation model using the
GLR algorithm was applied to the translation in medicine, the
following problems would arise. First, the number of identiﬁcation results given by the GLR algorithm was uncertain, and
there would be overlapping data in the identiﬁcation results,
which aﬀected the accuracy of the identiﬁcation results and thus
hindered the quality of translation. Second, in the results of the
GLR algorithm, each chunk was not seen to be compatible with
one another, that is to say, phrases, unlike those of vocabulary,
did not have semantic, morphological, and subcategory characteristics. Finally, the central word of the syntax structure was
not speciﬁed in the results of the GLR algorithm.
To avoid the problems mentioned above, this paper, however, used a GLR algorithm that had been expanded and optimized. Speciﬁcally, this algorithm in question employed a
context-independent grammatical form in the system and
expanded its start symbol S and production formula P. Moreover, it analyzed the structure of the phrase via phrase, which
eﬀectively reduced the probability of overlapping data points.
Its algorithm form was a quaternion, as shown in
G = ðV N , V T , S, αÞ:

ð1Þ

In Equation (1), V N represented a nonterminal symbol set,
which was a nonempty ﬁnite set; V T represented a terminal
symbol set, which was likewise a nonempty ﬁnite one, and
the elements in V T and V N did not overlap. S stood for the
start symbol set, an element in V N , and a syntactically recognizable phrase symbol set. α represented the set of productions. Assuming that P was any action in α and P ∈ V N , the
production (2) could be obtained:
P ⟶ fθ, C, β, γg:

ð2Þ

In Equation (2), θ, C, β, and γ represented the right symbol string, center symbol, restriction condition, and target
conversion mode of the action, respectively. Among them, θ
and C belonged to both V T and V N , and γ could belong to
both V T and V N . The improved GLR algorithm stipulated that
the top symbol of the linear table of the identiﬁcation result
was consistent with θ, the restriction condition β should be
true, and the center symbol C should be a numeric value,
not a null value. Only the identiﬁcation result that met the
above three criteria was the result of phrase part-of-speech
identiﬁcation.
2.3. The Process of Algorithm Designed in the Model. In current English-Chinese machine translation algorithms, the
part-of-speech identiﬁcation result of the phrase corpus
was usually output as the ﬁnal result of translation, which
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Table 1: Corpus information of English-Chinese bilingual medical phrases.
Element

Nature

Content

Scale of use
Style
Tense

250,000 English words
280,000 Chinese words,
Clinical, pharmacy, imaging, inspection, etc.
Spoken and written
Past, present, future

Corpus processing

Data
Level
Processing

Text
Part of speech, alignment
Man-machine communication

Corpus application

Scale

Medical English translation

Scale
Corpus composition

mainly relied on the part-of-speech analysis of the corpus.
However, the identiﬁcation in question did not improve
the structural ambiguity between English and Chinese languages, and thus, it hindered the accuracy of the translation
results. Therefore, it was diﬃcult to meet the high-accuracy
and high-precision requirements of medical English
translation.
Along this line of consideration, it was essential to correct the results of identiﬁcation in the process of machine
translation [17–19]. Therefore, this paper further considered
the correction of the results of the identiﬁcation and identiﬁed phrase actions via the analytic linear table in the process
of performing part-of-speech analysis against the optimized
GLR algorithm. In addition, errors of the identiﬁcation
would be analyzed via such pointers as advancement, speciﬁcation, acceptance, termination, error, and correction due
to the fact that the analytic linear table also owned the function of syntactic identiﬁcation. These errors were ﬁnally to
be corrected by searching the marked content in the phrase
corpus. The detailed phrase correction algorithm ﬂow is
shown in Figure 1.
In Figure 1, there were 6 actions involved in the entire
algorithm, namely, advancement, statute, acceptance, terminator, error, and correction. Moreover, the relationship
between advancement and statute could be evidently
observed in which lay the similarities and essential diﬀerences. On the one hand, the similarity was that the two functions were similar both of which were to replace the position
of the terminator in the analytical linear table. On the other
hand, the diﬀerence between them was that the advancement referred to putting the current state and symbols on
the stack and moving down the analysis pointer. However,
statute referred to reinvoking the constraint condition function to check the rule condition. If the conditions were met,
each subnode would be popped from the symbol stack to
form a nonterminal syntactic structure tree. At the same
time, the identiﬁcation pointer of the central word was
pointed to the corresponding central one, eventually generating the translation of the current nonterminal character
in accordance with the mode of translation. Conversely, if
the conditions were not met, the terminator pointer was
directly placed. Speciﬁcally, terminator replacement meant
that if the terminator pointer was not placed, the current
system terminator was mapped to the analysis table termina-

tor via the symbol mapping function; if the termination
pointer was entered, the current system terminator was
directly mapped to the analysis table terminator.
It should be pointed out that before the terminator
replacement the type of pointer was required to be identiﬁed
in the optimized and expanded GLR algorithm. To be speciﬁc, suppose that it was a statute pointer and then whether
the constraint function of the pointer belonged to the phrase
corpus should be checked; if not, the termination pointer
was directly placed. The terminator generally appeared at
the backup point with structural ambiguity. Therefore, when
it was queried, a phrase structure tree would be formed, and
the central symbol would be check whether it was placed on
the correct sentence structure. If it was not correct, then the
algorithm in question would call up error pointer to correct
the identiﬁcation result of the part of speech. As shown in
the ﬁgure, there were multiple phrase identiﬁcation outputs
in the entire correction process of the algorithm, and one
acceptance pointer only output one identiﬁcation result.
However, when multiple identiﬁcation results appeared at
the same time, the correction process would write them into
the same node of the phrase structure tree, and the receiving
pointer then would automatically treat it as one identiﬁcation result.

3. Model Design Verification
In order to detect the actual eﬀect of the medical EnglishChinese translation model on the basis of the optimized
GLR algorithm, relevant evaluations were carried out in
the research. Furthermore, the main performance indicators
of the evaluation included the accuracy of the translation
results, the translation speed, and the update ability, separately. Speciﬁcally, the evaluation team of the experiment
was composed of 5 English-Chinese translation machines,
5 professional medical translators, and professional scorers.
Among them, 5 English-Chinese translation machines chose
rule-based algorithm, statistical algorithm, hybrid algorithm,
GLR algorithm, and optimized GLR algorithm, respectively.
Moreover, 5 professional medical translators all owned more
than 10 years’ experience in medical translation and worked
together as a team, negotiating, and forming the only version
of the tested material.

Journal of Sensors

5
120

Initialization

100
Pointer identification
80
Score

Terminator replacement

Advancement

Syntactic function

60

Statute
40

Acceptance

Terminator

Correction

Error

Figure 1: Intelligent identiﬁcation algorithm correction ﬂow.

In our paper, 5 English-Chinese machine translators
translated the designated 70 medical terms and 70 randomly chosen medical English sentences in the evaluation
process. Likewise, professional medical translators translate
the same 70 phrases and 70 randomly chosen sentences.
Then, the scorers would score the results of the machine
translators, respectively, in accordance with certain rules.
Speciﬁcally, the score would be given according to such
rules as translation accuracy, translation speed, and update
performance. To put it concretely, the translation accuracy
was scored based on the clarity and accuracy of the translation, and the total score was 100 points. Furthermore,
the translation speed was based on the total identiﬁcation
time multiplied by the weight, and then, the sum was
divided by the number of phrase identiﬁcation. The
update capability, however, depended on the total update
time multiplied by the weight, and then, the sum was
divided by the number of phrase identiﬁcation. Additionally, the weight of each score was the translation accuracy
of 0.6, the translation speed of 0.2, and the update performance of 0.2.

4. Results and Discussion
The detailed experimental results are shown in Figures 2 and 3.
From the results in Figure 2, the machine translation based
on the optimized GLR algorithm was seen to be the best of its
kind in terms of translation accuracy, translation speed, and
update performance. Furthermore, as the comprehensive evaluation results showed in Figure 3, the optimized GLR algorithm ranked the highest with a score of 94.4, while the
statistical algorithm ranked the lowest with a score of 79.4.
However, the hybrid algorithm was not much diﬀerent from
the optimized GLR algorithm in the ﬁnal test score. The main
gap between the two was centered on the score in update performance. Combined with Figures 2 and 3, it is obvious that
the optimized GLR algorithm had obvious performance
advantages over other algorithms, which was seen to be more
suitable for medical translation.

20

0
Statistical
algorithm

Rule-based
algorithm

Translation accuracy
Translation speed
Update performance

Hybrid
algorithm

GLR
algorithm

Optimized
GLR
algorithm

Figure 2: Results of diﬀerent English-Chinese translation
algorithms.

In order to test the performance of removing the
structural ambiguity among diﬀerent algorithms in real
cases, this paper also employed a Chinese sentence that
is related in medicine. “Tóutòng zhīqián de zhèngzhuàng
yǒu kěnéng shì yóu dànǎo bùfèn qūyù gōngxiě shùnjiān
jiǎnshǎo suǒ dǎozhì de” was selected for translation, and
the results were compared among the translation model
based on rule-based algorithm, statistical algorithm,
hybrid algorithm, GLR algorithm, optimized GLR algorithm, and artiﬁcial translation. The results are shown in
Table 2.
It can be found from Table 2 that translations based
on statistical algorithms, rule-based algorithms, hybrid
algorithms, and GLR algorithms were basically correct
from a grammatical perspective, but from a semantic
point of view, they were not very complete. In particular,
the translation results of statistical algorithms were
ambiguous, and the translation results were not very
accurate. In addition, of the 5 algorithms, four did not
translate the Chinese word “zheng zhuang,” symptom,
into English. Evidently, only the optimized GLR algorithm translated it into English. From the comparison
of the semantics of the translation results, only the
machine translation based on the optimized GLR algorithm was the closest to the artiﬁcial translation. Therefore, compared with the machine translation of other
algorithms, it can be clearly seen that the machine translation result of the optimized GLR algorithm was more
accurate in part-of-speech identiﬁcation, the translation
result was the closest to the artiﬁcial result, and the identiﬁcation accuracy reached more than 96. This showed
that the optimized GLR algorithm was more suitable for
machine translation.
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Figure 3: Comparison of comprehensive test scores of diﬀerent English-Chinese translation algorithms.
Table 2: Results of translation examples.
Method

Content

The headache aforementioned has possibility that it is caused by the brain’s parts of blood supply reducing
suddenly.
Rule-based algorithm
The headache before may be caused by an instantaneous reduction in blood supply to parts of the brain.
Hybrid algorithm
It is likely that the headache may be caused by a sudden reduction in blood supply to parts of the brain.
GLR algorithm
The headache before is probably caused by an instantaneous reduction in blood supply to parts of the brain.
Optimized GLR
It is possible that the symptoms before the headache may be caused by an instantaneous reduction in blood supply
algorithm
to parts of the brain.
It is possible that the symptoms preceding the headache result from a transient decrease in blood supply to areas of
Artiﬁcial translation
the brain.
Statistical algorithm

5. Conclusion
In order to improve the performance of machine translation
in medicine ﬁeld, this article designed an intelligent medical
English translation model via expanding and optimizing the
traditional GLR algorithm, which was seen to be capable of
removing the structural ambiguity of English and Chinese
medicine terms. The algorithm in question constructed the
phrase structure through the phrase center point and
endowed a phrase with such characteristics of a word as
semantics, morphology, and subcategory, thus improving
the accuracy of the phrase identiﬁcation. Particularly, when
this algorithm was applied to machine translation in medicine, correction pointer was added in the identiﬁcation process. Therefore, when structural ambiguities were
encountered, the syntactic function of parsing linear tables
was to be used to correct the English and Chinese structural
ambiguities in the results of part-of-speech identiﬁcation.
Notably, this algorithm largely changed the low accuracy of
phrase part-of-speech identiﬁcation among traditional algo-

rithms and improved the accuracy of machine translation’s
performance in medicine. The results of the evaluation
showed that, compared with other algorithms, the translation model on the basis of the optimized GLR algorithm
was more accurate in identiﬁcation, faster in translation
speed, and stronger in update performance. Accordingly, it
was seen to be more suitable for medical English machine
translation. An intelligent medical English translation model
based on deep learning algorithms [20–22] may be developed in future implementations.
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