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Abstract:   This paper focuses on term-status pair extraction from medical dialogues (MD-TSPE), which is essential in diagnosis dia-
logue systems and the automatic scribe of electronic medical records (EMRs). In the past few years, works on MD-TSPE have attracted
increasing research attention, especially after the remarkable progress made by generative methods. However, these generative methods
output a whole sequence consisting of term-status pairs in one stage and ignore integrating prior knowledge, which demands a deeper un-
derstanding to model the relationship between terms and infer the status of each term. This paper presents a knowledge-enhanced two-
stage generative  framework (KTGF) to address the above challenges. Using task-specific prompts, we employ a single model to com-
plete the MD-TSPE through two phases in a unified generative form: We generate all terms the first and then generate the status of each
generated term. In this way, the relationship between terms can be learned more effectively from the sequence containing only terms in
the first phase, and our designed knowledge-enhanced prompt in the second phase can leverage the category and status candidates of the
generated term  for status generation. Furthermore, our proposed special status “not mentioned”  makes more terms available and en-
riches the training data in the second phase, which is critical in the low-resource setting. The experiments on the Chunyu and CMDD
datasets show that the proposed method achieves superior results compared to the state-of-the-art models in the full training and low-re-
source settings.
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 1   Introduction

Extracting terms and their statuses from medical dia-

logues have received increasing attention in the past few

years[1–6]. The extracted information is beneficial to auto-

matic  electronic  medical  records  (EMRs)  generation[7],

which  reduces  the  burden  of  doctors  to  document

EMRs[8–10]. In addition, information extraction is a back-

bone  module  of  a  typical  diagnosis  dialogue  system,

where  the  diagnosis  is  inferred  from  the  dialogue  his-

tory[11–14].

Notably,  conversation-style  medical  data  in  complex

speech patterns is challenging because various medical in-

formation,  such  as  symptoms,  surgeries  and  tests,  are

scattered  in  a  whole  turn,  even  multiple  turns.  In  addi-

tion,  colloquial  expressions of  terms in medical  dialogues

vary from formal expressions, which further increases the

task′s  difficulty.  As  shown  in Table  1,  the  expression  of

chest  pain  is  scattered  in  the  overall  sentence,  and  dys-

pnea is mentioned in the dialogue through the synonym-

ous phrase short of  breath. Moreover,  the status of each

term may be changed as the conversation progresses. The

word “No” indicates the absent of both cardiopalmus and

dyspnea, which requires a good understanding of the dia-

logue.  The  status  of  thyroid  function  test  changes  from

suggest to done according to the last turn.

Facing the above challenges, many works[7, 15–20] have

been proposed,  which can be generally grouped into two

categories:  classification-based  methods  and  generative

methods.  One  way[7, 20] of  the  classification-based  meth-

ods takes each term candidate as the input to model the

semantic  interaction  between  the  medical  dialogue  and

the  candidate,  then  determines  the  status  of  the  term

candidate by classification. However, this way treats each

term  independently,  ignoring  their  relationship.  Another

way[15–17] is  to  decompose  the  task  into  multiple  stages,

including term detection, term normalization, and status

inference. It first detects colloquial expressions of terms in

dialogue,  then  maps  the  colloquial  expressions  to  formal

expressions  and  infers  the  status.  However,  term  detec-

tion in the first stage requires token-level annotation. The
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generative methods[17–19] cast the task as a sequence gen-

eration  problem  regarding  formal  expressions  of  terms

and status candidates as a target vocabulary and generat-

ing  terms  and  the  corresponding  status  sequentially.  In

this  way,  generative  methods  need  not  explicitly  detect

terms. Consequently, it requires only the final formal la-

bel  rather  than  token-level  begin-in-out  (BIO)  annota-

tions.  At  the  same  time,  sequence  generation  can  model

the relationship between the terms.

Although existing generative methods have many ad-

vantages  compared  with  other  methods,  there  are  still

some  limitations:  1)  Complex  relationship  modelling

among  terms.  The  output  sequence  of  these  generative

methods  consists  of  terms  and  status.  If  the  model  ex-

plores  the  association  between  terms  through  this  se-

quence, it must understand the corresponding status sim-

ultaneously.  2)  Prior  schema  information  is  neglected.

These generative methods output the sequence based only

on  the  dialogue  history.  The  schema  information  for

status  generation  can  only  be  learned  through  mapping

from  medical  dialogue  to  the  output  sequence.  In  fact,

some  status  candidates  are  predefined  in  medical  data-

sets that could guide the model to generate status but are

ignored. 3) Lack of training data in the low-resource set-

ting. The training data of these generative methods must

be  fully  annotated  (including  terms  and  status).  These

methods preclude the model from using the existing data

that only has the term annotation, which is unfriendly to

the low-resource setting.

In  this  paper,  we  propose  a  novel  knowledge-en-

hanced  two-stage  generative  framework  (KTGF).  The

overview of KTGF is shown in Fig. 1. In our framework,

we  complete  term-status  pair  extraction  from  medical

dialogues  (MD-TSPE)  through  two  phases  in  a  unified

form  of  the  sequence  to  sequence  generation:  We  gener-

ate  all  terms  first  and  then  generate  the  status  of  each

generated  term.  We  also  plug  different  task-specific

prompts after the dialogue context and take them togeth-

er  as  the  model  input.  In  this  way,  the  generation  of

terms  and  their  status  are  decoupled,  leading  to  greater

flexibility of the framework that introduces at least three

advantages:  1)  The  sequence  contains  only  terms  in  the

first phase, which enables the model to learn the relation-

ship  between  terms  more  effectively  without  considering

the status. 2) The prior schema information can be fully
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Table 1    An example of term-status pair extraction from
medical dialogues

　　Dialogue

　　Patient: I had atrial fibrillation, how to treat it?

　　Doctor: Do you feel palpitation or short of breath?

　　Patient: No, but my chest is uncomfortable, always has bouts of
pain.

　　Doctor: First, complete the thyroid function test. If it is
normal, radiofrequency ablation is recommended.

　　Patient: The examination has been done.

　　Term-status pairs label

　　Atrial fibrillation: Appear

　　Cardiopalmus: Absent

　　Dyspnea: Absent

　　Chest pain: Appear

　　Radiofrequency ablation: Suggest

　　(Thyroid function test: Done)
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utilized. We integrate the status candidates and the cat-

egory of  generated terms defined in the schema into the

prompt of the second phase and name it the knowledge-

enhanced  prompt.  It  allows  task-aware  contextualization

and can guide  the  model  to  generate  status  more  effect-

ively. 3) As terms and their statuses are generated separ-

ately,  the  framework  can  learn  from  data  that  only  has

term  annotations  in  the  first  phase,  which  can  partially

alleviate  the  data  sparsity  problem.  In  addition,  we

design another status, “not mentioned”, to further enrich

the  data  and  enhance  the  training  of  the  second  phase.

We  evaluate  KTGF  on  two  medical  dialogue  datasets,

Chunyu[7] and  CMDD[15].  Comparisons  against  previous

state-of-the-art  methods  show that  KTGF performs best

in both the full training and the low-resource setting.

Our  main  contributions  can  be  summarized  as

follows1:

1) We propose a novel knowledge-enhanced two-stage

generative framework (KTGF) to explore the term-status

pair  extraction  from  medical  dialogues(MD-TSPE).  Our

framework  only  needs  to  consider  the  relationship  betw-

een terms in the first phase. Then it generates the corres-

ponding  status  from  the  dialogue  in  the  second  phase

with the help of prior schema knowledge in the prompt.

2) KTGF can utilize data with only term annotation,

which is critical in the low-resource setting. The extra-de-

signed  status  further  enriches  the  status-related  data  to

alleviate the data sparsity problem.

3)  We  evaluate  KTGF  on  Chunyu[7] and  CMDD[15].

Our  approach  achieves  new  state-of-the-art  results  on

both  datasets.  Ablation  studies  and  further  analysis

demonstrate  the  advantages  of  our  two-stage  generation

strategy and prior knowledge utilization.

The  remainder  of  this  paper  is  organized  as  follows.

Section  2  presents  previous  works  related  to  medical  in-

formation  extraction,  prompting  language  models,  and

training on supplementary data. Section 3 introduces the

problem definition and proposes our KTGF. Section 4 de-

scribes  the  datasets,  compared  baselines,  experimental

settings  and results.  In Section 5,  further  analysis  and a

discussion are presented. Finally, the conclusion is shown

in Section 6.

 2   Related work

 2.1   Medical information extraction

Medical  information  extraction  has  great  potential  in

the  fields  of  biomedicine  and  NLP.  One  of  the  classic

tasks is the i2b2 challenge. It constructs a small corpus of

written  discharge  summaries  and  designs  a  variety  of

tasks  to  extract  different  kinds  of  information[21].  Many

efforts  have  also  focused  on  extracting  entities  and  rela-

tions from medical texts[22, 23], which is also taken as one

of the tasks for Chinese biomedical language understand-

ing  evaluation  (CBLUE)[24].  In  contrast,  extracting  in-

formation  directly  from  medical  dialogues  has  been  an

emerging research field in recent years[4, 25, 26], focusing on

colloquialism  and  multi-turn  dialogue  interaction.  Given

the  patient-doctor  conversation,  medical  information,  in-

cluding  clinical  terms[5, 27] and  their  properties[16, 17],  or

treatment regimens[28] can be extracted and used to gen-

erate electronic medical records (EMRs)[2, 3], reducing the

burden  on  doctors  of  creating  narrative  reports[8–10].  In-

formation  extraction  from  medical  dialogues  is  also  a

backbone module of the typical diagnosis system[11–14], in

which the status information of medical terms plays a key

role.

Among the works on medical dialogue information ex-

traction,  Finley  et  al.[2] extract  information  from  dia-

logue  through  a  pipeline  consisting  of  various  heuristics

such as character matching, regular expressions and oth-

er task-specific heuristics. Finley et al.[3] propose generat-

ing  EMRs  from  an  automatic  speech  recognition  (ASR)

directly, but it achieves poor performance. Recently, clas-

sification-based  methods  have  been  proposed,  including

multi-stage  methods[15–17] and  matching-based  classifica-

tion  methods[7, 20].  The  multi-stage  methods  identify  the

term by a sequence tagging model  in the first  stage and

then conduct term normalization and status inference by

two  multi-layer  perception  classifiers.  However,  these

methods require token-level  redundant annotation in the

first  stage.  In the matching-based classification methods,

Zhang et al.[7] take each term, corresponding category and

status  candidates  as  input  to  match  the  semantics  with

the medical dialogue, and then designs an aggregate mod-

ule  to  consider  the  utterance  interaction.  SAFE[20] also

takes  each  term  candidate  as  input.  The  method  devel-

ops a multi-task learning method to model  the speaker′s
identity. It further proposes a co-attention fusion module

with graph networks to match the semantics between the

medical dialogue and the term. However, these matching-

based classification methods do not consider the relation-

ship between terms. The generative method is considered

as an excellent way to address the problems in classifica-

tion methods.  The generative  methods[17–19] regard form-

al medical terms and status as the target vocabulary and

generate  a  single  sequence  containing  terms  and  their

status,  which  gain  better  performance  compared  with

classification-based  methods.  Based  on  these  generative

methods, we aim to further enhance the modeling of rela-

tionships among terms and fully use prior schema know-

ledge.

 2.2   Prompting language models

Combining  the  prompt  with  pre-trained  language

models  is  an  active  line  of  research[29].  Radford  et  al.[30]

use  prompts  for  generation  in  the  zero-shot  setting  and

1 Our  codes  are  available  at https://github.com/FlyingCat-fa/

KTGF.
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obtains excellent performance. Raffel et al.[31] design task-

specific  prompts  for  training  and  testing  to  learn  mul-

tiple  tasks  simultaneously.  Many  works  also  focus  on

automatically  optimizing  discrete  prompts[32, 33] or  dir-

ectly  using  learnable  continuous  prompts[34, 35].  In  addi-

tion,  to  prompt  engineering,  some  works  also  use  avail-

able  prior  task information or  knowledge as  task-specific

prompts[36–39].  Our  proposed  prompting  method  inspired

by  these  considerations  considers  both  multi-task  and

knowledge  prompts.  Moreover,  we  further  improve  the

prompt  to  enrich  training  data  in  the  low-resource  set-

ting.

 2.3   Training on supplementary data

Previous  works  have  shown  that  the  performance  of

the  target  task  can  be  improved  through  supplementary

training  on  tasks  with  intermediate-labelled  data[40–42].

Phang et al.[40, 41] focus on GLUE natural language under-

standing benchmark[43], and Su et al.[42] improve the task-

oriented dialogue system through an augmented training

phase  with  intermediate-labelled  data.  In  this  work,  we

aim to boost the performance of term-status pair extrac-

tion from medical dialogues through more supplementary

data,  including  not  only  the  intermediate-labelled  data,

but  also  the  additional  data  available  owing  to  our  de-

signed special status.

 3   Methodology

In this section, we will define the term-status pair ex-

traction  from  medical  dialogues  (MD-TSPE)  task  and

then introduce our approach, including an overview of the

approach,  the  two-stage  generative  framework,  prompt

design with prior schema knowledge, and training strate-

gies.

 3.1   Problem definition

D

D = (l1, l2, · · · ,
ln) (w1,

w2, · · · , wm)

Medical  dialogue :  The  medical  dialogue  is  the

raw  text  containing  multiple  sentences  alternated

between the patient and the doctor, namely 

,  which  consists  of  a  sequence  of  word  tokens 

.

T T

ti

Term :  The  term set  is  predefined  according  to

medical  knowledge  graphs.  Each  term  can  be  men-

tioned in the medical dialogues in different ways, such as

formal  expression,  spoken  word  expression,  and  the  ex-

pression  scattered  in  the  whole  sentence  or  even  across

multiple  sentences.  Each  term  belongs  to  a  predefined

category in the dataset.

SStatus :  The  status  is  essential  because  it  specifies

more  detailed  information  about  the  term,  and  status

candidates depend on each term′s category. Furthermore,

the  status  of  each  term  is  changeable  during  the  whole

medical dialogue.

DGiven medical dialogue , the objective of MD-TSPE

{· · · , (ti, si), · · · }
ti ∈ T

si ∈ S ti

is  to extract a set of term-status pairs ,

where  is the term mentioned in the dialogue, and

 is the corresponding status of .

 3.2   Overview of our approach

D

{· · · , (ti, si), · · · }

Previous  generative  methods  on  MD-TSPE  cast  the

task  as  a  sequence  generation  problem  in  one  stage.  In

this case, the medical dialogue  is taken as input to the

model, and term-status pairs  are gener-

ated  sequentially.  This  approach  has  been  adopted  in

many  works,  such  as  LSTM-based  or  transformer-based

models[17, 19].  However,  generating  a  single  output  se-

quence consisting of both terms and their status is more

likely to hardly model the relationship among terms and

suffers  optimization  issues  with  decoding  long  and  com-

plex sequences, which results in poor performance. Ye et

al.[18] leverage  contrastive  learning  to  filter  out  the  un-

faithful  term-status  pairs  after  generating  complex  and

long  output  sequences.  However,  this  method  also  needs

to  generate  long  and  complex  sequences,  resulting  in

missing some term-status pairs.  Even so,  considering the

common  use  of  the  one-stage  generation  approach,  we

first  include this  basic  framework as  our preliminary ex-

periments.

Then, we design a knowledge-enhanced two-stage gen-

erative framework (KTGF) for MD-TSPE, of which each

stage  has  its  corresponding  task.  In  the  first  stage,  we

aim to generate a simplified sequence containing only the

terms  to  model  the  relationship  among  them  and  then

generate the corresponding status of each generated term

in  the  second  stage.  Thus,  the  complex  sequence  in  the

one  stage  generation approach is  disintegrated into  mul-

tiple sequences. To make the form of our framework uni-

fied in two stages, we plug different task-specific prompts

after the dialogue context and take them together as the

model input. In addition, prior knowledge can enrich the

task-specific  prompt  in  the  status  generation  phase  and

further  benefit  generative  methods.  Moreover,  we  design

a  special  status  that  improves  the  status  prompt  to  ex-

pand the status-related training data in the low-resource

setting.

 3.3   A two-stage generative framework for
MD-TSPE

D = (w1, w2, · · · ,
wm) D

D

Given  the  medical  dialogue,  we  concatenate  each  ut-

terance  into  a  word  token  sequence 

. The basic idea is to encode the medical dialogue ,

obtain  its  contextualized  representations,  and  generate

the  medical  terms  and  their  status  in  two  stages.  Not-

ably,  the  generation  in  two  stages  can  be  fulfilled  in  a

unified generative model. In the second stage, each gener-

ated term in the first stage needs to be appended to med-

ical dialogue . However, the generation of two stages is

actually different subtasks. To address this issue, we ad-

opt  the  prompting  approach,  where  elaborately  designed
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D

D̃

prompt tokens are concatenated with the original medic-

al  dialogue.  The  knowledge  of  generated  terms  is  incor-

porated into the prompt of the second stage. It has been

confirmed  that  prompting  is  an  adequate  paradigm  to

leverage  the  prior  information  for  specific  tasks[36, 37],  or

the knowledge of pre-trained language models (PLMs) to

solve various tasks[32, 44]. After incorporating the prompts,

the  original  medical  dialogue  can  be  extended  to  a

task-specific sequence, denoted as :

D̃ = w1, · · · , wm,︸ ︷︷ ︸
word tokens

p1, · · · , pn︸ ︷︷ ︸
prompt tokens

. (1)

D̃

[SOS]

[SEP ]

D

Given  the  task-specific  sequence  as  the  input,  we

add  a  special  token  to  represent  the  beginning  of

each  target  sequence.  Furthermore,  a  special  end-of-se-

quence  is  also  appended  to  the  end  of  the  target

sequence.  The  target  sequence  of  the  first  stage  consists

of all terms mentioned in the medical dialogue , and we

use  a  special  token  “,”  to  separate  different  terms.  The

status of the generated term that can be found from the

prompt is the target sequence of the second stage.

We  employ  an  encoder-decoder  transformer  architec-

ture T5[31] as the backbone of our framework. This frame-

work first embeds the input sequence as the input vector

representation:

H0 = Emb(S) (2)

S

H0

L

l Hl =
Hl

1, · · · , Hl
n Hl−1 = Hl−1

1 , · · · , Hl−1
n

where  denotes  the  embedded  sequence.  Based  on  the

input  representation ,  both  the  transformer  encoder

and  decoder  employ  stacked  transformer  blocks,  and

the -th block learns a new sequence representation 

 from .  Each  layer  of

the encoder has two sub-layers. The first is a multi-head

self-attention  mechanism,  and  the  second  is  a  small

position-wise fully connected feed-forward network. Layer

normalization[45] is applied to the input of each sub-layer,

and the applied layer normalization is a simplified version

where  no  additive  bias  is  utilized.  Following  layer

normalization,  a  residual  skip connection adds each sub-

layer′s input to its output. In addition to the applied two

sub-layers in each encoder layer, the decoder layer inserts

a  third  sub-layer,  which  has  the  same  structure  as  the

first sub-layer and performs attention over the output of

the  encoder.  The  following  parts  are  the  details  of  each

sub-layer.

Q K dk V

dv

Q K

The first  sub-layer is  multi-head self-attention, which

computes independent self-attention representations with

multiple individual heads. For each head, the input con-

sists of queries  and keys  of dimension , values 

of dimension . The output is a weighted sum of values,

and the weights are calculated by the scaled dot-product

between  queries  and  keys .  Since  the  transformer

mainly relies  on the attention mechanism without recur-

rence,  the  transformer  adds  a  scalar  as  the  position  em-

Q K

bedding parameter to the corresponding logit for comput-

ing the attention weights. The learnable position embed-

ding  is  assigned  based  on  the  relative  positions  between

queries  and keys  and shared across all layers in the

model.  The  calculation  of  a  self-attention  head  is  shown

as follows:

Attention(Q,K, V ) = softmax
(

QKT√
dk

+M + PE

)
V

(3)

Mij =

{
0, visible
−∞, invisible (4)

dk M,PE ∈ Rn×n

n M

−∞

where  is the dimension of the key.  are

an  attention  mask  and  the  position  embedding  matrix,

and  is the sequence length. The attention mask  can

make  a  key  invisible  or  no  contribution  to  a  query  by

setting the attention score .

Multi-head  attention  allows  the  model  to  compute

multiple subspace representations in parallel  and concat-

enate them.

headi = Attention(Hl−1WQ
i , Hl−1WK

i , Hl−1WV
i ) (5)

MHAttention = ConCat(head1, · · · ,headh)W
O (6)

Hl−1 h l

WQ
i WK

i WV
i

WO

where  and  are the input of the -th block and the

number  of  attention  heads,  respectively. , , 

and  are learnable parameters.

The  second  sub-layer  is  a  simple  position-wise  fully

connected feed-forward network. Following layer normal-

ization, a residual skip connection adds the sub-layers′ in-

put to their output.

Ol = Hl−1 + LayerNorm(MHAttention(Hl−1))

(7)

Hl = Ol + LayerNorm(FFN(Ol)) (8)

where FFN is the feed-forward layer:

FFN(x) = max(0, xW1 + b1)W2 + b2 (9)

W1 W2 b1 b2where , ,  and  are trainable model parameters.

Based  on  the  transformer-based  encoder-decoder  ar-

chitecture, T5 designs an unsupervised objective that ran-

domly samples and then drops out the sampled tokens in

the  input  sequence.  A  single  sentinel  special  token  re-

places  all  consecutive  spans  of  dropped-out  tokens.  The

target  is  to  recover  all  corresponding  dropped-out  spans

of  tokens  delimited  by  the  same  sentinel  special  tokens

used in the input sequence.

Taking  the  pre-trained  T5  as  the  backbone,  we  fur-
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ther train our model to generate the term and status se-

quences in two stages.  Each training sample is  represen-

ted as follows:

d = (D̃t, y) (10)

t ∈ {term generation, status generation}
d D̃t

y

d = (D̃t, y)

LΘ

where , which deno-

tes  the  subtask  that  sample  belongs  to.  is  the

subtask  input  that  consists  of  the  medical  dialogue  and

the  subtask  prompt.  denotes  the  subtask  output  text.

We  train  the  model  with  the  maximum  likelihood

objective.  Given  the  training  sample ,  the

objective  is defined as

LΘ = −
|y|∑
i=1

logPΘ(yi|y<i; D̃t) (11)

Θwhere  is the model parameters.

 3.4   Knowledge-enhanced prompt

Our  framework  uses  the  same  T5  to  generate  terms

and  status  in  two  stages,  which  requires  the  model  to

learn  two  different  subtasks.  Therefore,  we  design  task-

specific  prompts  to  make better  use  of  the knowledge of

the pre-trained T5 and jointly learn the two subtasks. We

further incorporate the prior schema information of each

generated  term  as  additional  prompt  tokens  for  status

generation. This paper further considers the low-resource

setting. In reality, data with term and status annotation

is usually more difficult to obtain. Compared with the ex-

isting  generative  methods,  our  model  has  the  advantage

of  being  able  to  learn  from  other  data  containing  only

term annotation in the first stage. Moreover, we provide

a  status-enhancing  method  that  improves  the  status

prompt to expand the status-related training data in the

low-resource  setting.  Next,  we  describe  the  specific

prompting designs of the two stages in detail.

Prompt  for  term  generation. Term  generation

aims to generate all terms mentioned in the medical dia-

logue.  The  prompting  design  of  term  generation  mainly

enhances  the  textual  semantics  for  better  medical  dia-

logue  understanding  and  term  generation.  Here  we  set

“the mentioned medical terms” as the prompt and add it

after the medical dialogue.

Prompt for status generation. After obtaining the

generated  term,  we  further  generate  the  corresponding

status  of  each  generated  term  in  the  status  generation

stage. The prompt for status generation is designed to en-

hance the term semantics and predict status more accur-

ately.  For  each  generated  term,  we  retrieve  the  prior

schema  information,  including  the  category  and  status

candidates  of  the  term.  The  information  is  leveraged  to

construct  a  knowledge-enhanced status  prompt,  which is

formally denoted as “Category: term′s status. Status can-

didates:  candidate  1,  candidate  2,  etc.  ···.”  The  know-

ledge-enhanced prompt advances task-aware contextualiz-

ation  and  guides  the  model  to  generate  status  more  ef-

fectively.

Moreover,  we  improve  the  knowledge-enhanced

prompt for status generation in the low-resource setting.

Specifically, we add a special status, “not mentioned”, to

the status candidates. In this way, many terms not men-

tioned in a medical dialogue can match the special status

“not  mentioned”  as  a  term-status  pair.  Therefore,  the

training data of status generation increases, and the mod-

el can learn how to generate the correct status according

to the status candidates in the low-resource setting. The

design of term and status prompts is also shown in Fig. 2.

 3.5   Training strategies

We  employ  multi-task  learning  approach  to  train  a

single  unified  model  in  the  two-stage  generative  frame-

work and use a mini-batch based optimization approach.

We adopt different prompting strategies for full-data and

low-resource  settings.  In  the  full-data  setting,  we  adopt

the  knowledge-enhanced  prompt  without  additional  spe-

cial  status.  In  the  low-resource  setting,  we  improve  the

knowledge-enhanced  prompt  by  introducing  a  special

status  as  described  in  Section  3.4.  KTGF  is  trained  in

two stages in the low-resource setting. The model is first

trained on a mixed dataset consisting of the training set

and  external  corpora  containing  only  term  annotations,

and then further fine-tuned on the training set for better

performance.  In  this  way,  the  partially  annotated  data

containing only terms can also be leveraged in the low-re-

source  setting.  More  experimental  details  are  introduced

in Section 4.3.

 4   Experiments

 4.1   Datasets and metrics

We  evaluate  our  proposed  framework  on  two  bench-

mark  datasets:  Chunyu[7] and  CMDD[15],  both  of  which

are  Chinese  medical  dialogue  datasets  for  entity-status

pair extraction.

Chunyu  contains 1 120 dialogues  on  cardiovascular

diseases.  A schema is  defined in  the  dataset,  which con-

tains  four  main  categories:  symptom,  surgery,  test  and

other  information.  Each category  includes  medical  terms

and  possible  statuses.  The  original  Chunyu  dataset

provides two settings for the status, including the coarse-

grained  status  independent  of  categories  and  the  fine-

grained status dependent on categories[7]. This work uses

the  fine-grained  status  better  to  express  the  status  se-

mantics  of  terms  from different  categories.  For  example,

surgery  includes  the  term,  radiofrequency  ablation,  and

its  status  candidates  consist  of  done,  not  done,  suggest,

deprecated and unknown. The schema has 71 predefined
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terms  and  18  predefined  statuses.  Chunyu  is  annotated

by  a  window-to-information  approach  with  the  men-

tioned terms and corresponding status,  which focuses  on

the  dialogue  context  in  the  window  and  does  not  need

word-level sequence labelling information. Specifically, the

dialogues  in  the  dataset  are  divided  into  pieces  using  a

sliding  window.  Each  window  consists  of  5  turns  of  the

dialogue.  The  sliding  step  is  set  to  1.  In  this  way,  the

dataset obtains 18 212 annotated windows.

149

CMDD has 2 067 annotated dialogues on four pediat-

ric  diseases,  which  contain  predefined  terms  and  3

predefined  statuses.  All  of  these  terms  belong  to  the

symptom  category,  and  the  status  candidates  are  true,

false,  and  uncertain.  Each  term-related  character  in  the

dialogue turn is annotated by the word-level begin-in-out

(BIO)  label.  In  the  original  data,  multiple  adjacent  sen-

tences belonging to the same speaker are considered mul-

tiple turns. Following [19], we merged these adjacent sen-

tences  from one  speaker  into  a  single  dialogue  turn.  We

also  split  the  medical  dialogues  into  windows  and  kept

the window size and sliding step the same as Chunyu.

We followed [19] to further process the status annota-

tion in the two datasets. In the original annotation of the

Chunyu  dataset,  one  window  contained  several  statuses

for  the  same  term.  Compared  to  the  historical  status  in

medical dialogues, the latest status of each term is more

informative. We only preserve the latest status, which is

more suitable for the medical dialogue system in the ex-

perimental setting[19]. In fact, the historical status of each

term in the current window can be obtained through the

latest  status  of  the  term  in  the  historical  window,  so

there is no historical status information loss. In the CM-

DD  dataset,  the  repetitive  medical  term-status  pairs  in

one window are removed. Table 2 summarizes the statist-

ics of the Chunyu dataset and CMDD dataset.

Following [7],  we use  the  micro-average precision,  re-

call  and  F1-score  as  the  evaluation  metrics.  We  report

the results of extracted medical information in term and

full  evaluations.  Term evaluation only considers  the cor-

rectness of the terms, regardless of their status. Full eval-

uation  means  that  both  terms  and  the  corresponding

status must be strictly correct. The evaluation results for

both  window-level  and  dialogue-level  on  the  test  set  are

reported.  In  line  with  [7],  we  merge  the  results  of  win-

dows within the same dialogue for the dialogue-level eval-

uation  and  update  the  previous  labels  with  the  latest

ones.  Notably,  not  all  medical  windows  have  golden  la-

bels;  sometimes,  the  windows  are  not  associated  with

medical  terms  in  the  dataset  schema.  In  this  case,  the

empty prediction is regarded as correct, and then the pre-

cision, recall and F1 are set to 1; Otherwise, they are 0.

 4.2   Baseline models

We  compared  our  proposed  method  KTGF  against

classification-based and generative models for MD-TSPE.

SAT[17]:  A multi-stage classification-based method. It

identifies  the  term  spans  by  a  sequence  tagging  model

trained  with  token-level  annotation  in  the  first  stage.

Then, it employs two multi-layer perception classifiers to

normalize  the  terms and infer  their  status  from the hid-

den representation of identified term spans.

BERT-SAT: A multi-stage classification-based meth-

od similar to SAT, except that the encoder is replaced by

BERT[46].

MIE[7]:  A  multi-label  classification  model  that  ob-

tains  a  term-specific  representation  and  a  status-specific

representation  for  each  utterance  through  an  attention

mechanism to determine whether the term-status pair be-

longs to the dialogue. MIE also models the multi-turn in-

teraction simultaneously.

 

The mentioned medical terms

Symptom: Atrial fibrillation's status.

Status candidates: Appear, absent,

diagnosed, exclude, unknown, not

mentioned
T5 Appear

Atrial fibrillation,

cardiopalmus, dyspnea,

chest pain, thyroid

function test,

radiofrequency ablation

Surgery: Radiofrequency

ablation's status. Status candidates:

Done, not done, suggest, deprecated,

unknown, not mentioned

Suggest

... ...

Dialogue

Patient:

I had atrial fibrillation, how to treat it?

Doctor:

Do you feel palpitation or short of

breath?

Patient:

No, but my chest is uncomfortable,

always have bouts of pain

Doctor:

First, complete the thyroid function

test. If it is normal, radiofrequency

ablation is recommended.

Patient:

The examination has been done.

Term prompt

Status prompt

Not mentioned for low resource settings

Fig. 2     The  design  of  our  prompt.  In  the  term  generation  stage,  the  prompt  is  employed  for  a  better  understanding  of  the  term
generation subtask. In the status generation stage, we use the generated term to obtain the category and status candidates, which are
utilized to enhance the prompt. Moreover, we add a special status, “not mentioned”, for the low-resource setting. Therefore, the term not
mentioned in the dialogue can also have its corresponding status, which augments the status-related training data. The medical dialogue
is from Table 1.
 

 

Table 2    The statistics of Chunyu dataset and CMDD dataset

Dataset Domain Dialogue Window Term Status

Chunyu Cardiology 1 120 18 212 71 18

CMDD Pediatrics 2 067 87 005 149 3
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Transformer:  An  encoder-decoder  based  generative

method that treats the medical dialogue as the input and

outputs a sequence containing the terms and their status.

MGT[19]: A multi-granularity transformer model that

models  MD-TSPE  similar  to  transformer.  However,  un-

like  transformer,  MGT  can  simultaneously  capture  the

role-enhanced  interaction  across  turns  and  integrate

mixed  granularity  representations  to  model  the  dialogue

context fully.

CGT[18]: A generative model based on UniLM[47] that

combines transformer with contrastive learning to gener-

ate medical terms and their status in one stage.

T5:  A generative method based on pre-trained T5[31],

the  same  backbone  as  our  KTGF,  but  it  generates  all

outputs  in  one  stage,  including  medical  terms  and  their

status.

 4.3   Implementation details

We obtain  experimental  results  of  MIE based  on  the

released  codes.  For  the  baseline  models,  including  SAT,

BERT-SAT, transformer,  and MGT, we adopt the same

settings as [19] and cite the results of these models from

the  paper.  In  these  models,  the  encoder  of  transformer

and MGT are all pre-trained with masked language mod-

elling objective (MLM)[46] on the mix of Chunyu and CM-

DD datasets. Considering that CGT does not release the

source code, we only report the full results on the Chun-

yu dataset cited from the original paper[18].

We  report  the  results  of  T5  and  KTGF  with  two

backbones:  the  Chinese  T5-small  and  T5-base[48].  The

models  are  the  base  versions  by  default  if  not  explicitly

specified. We implemented T5 and KTGF based on Hug-

0.01 2× 10−5

1 000 32

100 300

0.24

gingFace′s  transformers  library[49] and  conducted  experi-

ments using an Nvidia RTX3090 GPU. AdamW[50] is em-

ployed  as  the  optimizer,  and  the  weight  decay  is  set  to

. We set the initial learning rate to , and the

warm up step is . The batch size is , and the total

number of epochs are  and  for KTGF and T5, re-

spectively.  We  adopt  the  greedy  search  for  generation

and  select  the  checkpoints  performing  best  on  the  valid

set  for  test  evaluation.  In  the  low-resource  setting,  to

augment the training data in the term generation phase,

we collect two annotated corpora that only contain term

annotation,  including  MSL[5] and  MedDG[6].  In  total,

there are over M examples.

 4.4   Full data evaluation

Tables 3 and 4 summarize the results for window-level

and dialogue-level on two experimental medical datasets,

respectively, as described in Section 4.1. The SAT meth-

od can not be evaluated on the Chunyu dataset because

it needs token-level annotation. The window-level results

in Table  3 show  that  our  KTGF  base  achieves  an  F1-

score  of  82.55  on  the  Chunyu  dataset  and  88.05  on  the

CMDD  dataset  in  the  full  training  setting,  which  gains

significant improvement for the complex medical conver-

sation compared to existing methods. Specifically, on the

Chunyu  dataset,  KTGF outperforms  CGT,  the  previous

best  result,  by  a  large  margin  of  3.13.  On  the  CMDD

dataset, our model outperforms the MGT model by 10.45.

The  improvement  demonstrates  the  power  of  the  two-

stage  generation  with  the  knowledge-enhanced  prompt.

The  dialogue-level  evaluation  results  are  shown  in

Table 4, further demonstrate the excellent performance of

 

Table 3    Window-level evaluation results on the Chunyu and CMDD datasets

Model

Chunyu CMDD

Term Full Term Full

P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%)

MIE 90.36 87.58 80.7 70.32 66.47 66.81 90.85 86.48 87.71 81.76 73.7 79.58

SAT – – – – – – 88.5 87.8 87.2 75.1 75.3 74.2

BERT-SAT – – – – – – 90.7 89.6 89.2 75.2 75.2 74.2

Transformer 92.2 90.3 90.3 69.3 68.2 68 90.1 88.5 88.7 74.3 72 72.4

MGT 93.8 88.6 90.1 75.3 71.7 72.7 92.8 90.2 90.7 80 76.8 77.6

CGT – – – 80.53 78.83 79.42 – – – – – –

T5 small 93.15 91.73 91.5 74.77 74.28 73.78 93.02 94.34 93.21 83.28 84.34 83.41

T5 base 92.19 92.64 91.49 75.49 76.26 75.11 93.28 94.28 93.31 83.58 84.36 83.57

KTGF small 99.07 95.15 96.65 77.42 74.53 75.63 99.32 98.16 98.59 88.35 87.4 87.75

KTGF base 99.11 95.72 97.05 84.31 81.44 82.55 98.95 97.47 98.01 88.85 87.58 88.05

w/o status 99.19 95.2 96.75 80.94 77.85 79.05 99.03 97.48 98.06 88.62 87.33 87.81

w/o category 99.03 95.57 96.91 84.18 81.34 82.44 – – – – – –

w/o knowledge 99.11 95.25 96.72 80.68 77.68 78.82 – – – – – –
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our  proposed  method.  On  the  Chunyu  dataset,  the  dia-

logue-level  evaluation  typically  outperforms  the  window-

level  evaluation,  while  the  opposite  is  observed  for  the

CMDD dataset.  We  attribute  this  difference  to  the  dis-

tinct  distributions  of  the  two  datasets.  In  the  Chunyu

dataset,  each  dialogue  has  fewer  rounds  (16.26  on  aver-

age), and errors in extracting medical terms or the corres-

ponding status based on the current window can be cor-

rected  by  subsequent  windows  with  more  information,

leading to higher performance at the dialogue-level evalu-

ation.  Conversely,  in  the  CMDD  dataset,  each  dialogue

has  more  rounds  (42.09  on average),  and many dialogue

windows do not mention any medical terms. The models′
accurate predictions on these empty windows may result

in  an  overestimation  of  its  performance  at  the  window-

level  evaluation,  while  the  dialogue-level  evaluation  can

avoid  this  situation.  Considering  that  many  baselines

only  provide  window-level  evaluation  results,  we  com-

pare  our  model  with  them  based  on  the  window-level

evaluation results by default if not explicitly specified.

Comparison  with  classification-based  methods:  The

SAT model  is  a  classic  baseline.  The  BERT-SAT model

employs BERT as the encoder for better contextual rep-

resentation, which improves the performance of the SAT

model on term evaluation but not on full evaluation. This

phenomenon  illustrates  that  only  incorporating  general

contextual representation does not assist the model in un-

derstanding  the  complex  dialogue  interaction,  which  is

critical for status inference. In our KTGF model, prior in-

formation is incorporated into KTGF, including category

and  status  candidates.  Therefore,  the  KTGF  model  can

more  effectively  infer  the  status  of  each  term  from  the

complex dialogue interaction.  The MIE model  also takes

prior  information  into  consideration.  Specifically,  to  ex-

tract  term-status  pairs  from  medical  dialogue,  the  MIE

model  incorporates  term  candidates  and  status  candid-

ates as part of the input and obtains a term-specific rep-

resentation  and  a  status-specific  representation  for  each

utterance through an attention mechanism. However, the

5.89

9.4

MIE model  performs poorly  on term evaluation.  For  ex-

ample,  the  gap  in  the  F1-score  on  the  full  evaluation

between the MIE model and MGT is % on the Chun-

yu dataset,  and the  gap in  the  term evaluation between

them is enlarged to %. It demonstrates that the term-

specific  representation  hardly  carries  out  the  colloquial

expression  of  medical  terms,  and  the  representation  also

ignores  the  correlation  between  terms.  In  our  KTGF

model, the terms are generated sequentially, which mod-

els the relationship between terms naturally.

Comparison  with  generative  methods:  From Table  3,

we  can  see  that  our  KTGF  model  demonstrates  better

performance than other generative models on term evalu-

ation and further gains a larger margin on full evaluation.

For  example,  using  the  same  backbone  model,  the  KT-

GF  model  improves  the  F1  score  by  5.56%  compared

with  T5  (97.05%  VS.  91.49%)  on  term  evaluation  and

gains a larger margin by 7.44% (82.55% VS. 75.11%) on

full evaluation. The huge success is attributed to our two-

stage generation framework and the knowledge-enhanced

prompt.  Based  on  the  two-stage  generation  framework,

we  simplify  the  output  sequence  to  only  contain  the

terms in the first stage, which makes it more effective to

learn the relationship among terms and gains better res-

ults  on  term evaluation.  Moreover,  the  two-stage  frame-

work integrates  prior  knowledge  more  flexibly.  With the

proposed  knowledge-enhanced  prompt,  the  framework

utilizes the category and status candidates in the second

stage to better understand the status subtask and gains a

larger margin on full evaluation.

 4.5   Low-resource evaluation

Owing to the two-stage generation, our KTGF model

can learn from the data that only have term annotation

in  the  first  phase.  Moreover,  we  designed  the  special

status “not mentioned” to enrich the training data in the

second phase. To investigate the generalization ability of

KTGF equipped with these data augmentation methods,

 

Table 4    Dialogue-level evaluation results on the Chunyu and CMDD datasets

Model

Chunyu CMDD

Term Full Term Full

P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%)

MIE 94.36 87.58 89.53 72.02 66.21 67.83 93.64 84.89 87.99 77.15 70.09 72.61

T5 small 90.1 93.37 90.78 72.69 77.71 74.05 87.73 96.46 91.16 71.09 77.77 73.7

T5 base 89.4 95.46 91.29 72.67 80.12 75.16 88.42 96.48 91.52 72.69 78.83 75.04

KTGF small 100 95.38 97.32 77.35 77.61 76.86 100 98.48 99.13 80.45 79.21 79.74

KTGF base 100 97.52 98.57 85.63 84.53 84.71 100 97.65 98.67 82.46 80.47 81.33

w/o status 100 95.99 97.69 82.68 82.21 81.98 100 97.74 98.72 80.95 79.13 79.92

w/o category 100 96.81 98.14 86.14 83.87 84.62 – – – – – –

w/o knowledge 100 95.79 97.57 84.08 81.98 82.55 – – – – – –
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we  evaluate  it  in  a  more  challenging  low-resource  scen-

ario.  In  the  low-resource  scenario,  only  a  small  percent-

age  of  training  data  is  used.  Here  we select  three  differ-

ent percentages as ,  and . Referring to the ori-

ginal dataset division for training, validation and test sets

based  on  the  whole  dialogue[7],  we  directly  sample  the

whole  dialogue.  All  the  windows  in  these  sampled  dia-

logues  are  used  as  the  low-resource  training  set.  The

trained model is then evaluated with the original test set.

We  compare  KTGF  with  the  classification-based  model

MIE and the  generative  model  T5 on the  Chunyu data-

set.

1%

6.91 64.26

57.35 10%
8.24

43.96 35.72

1%

The  results  are  shown  in Table  5.  As  seen,  KTGF

consistently outperforms for all baseline models by a large

margin. Notably, the performance gain of KTGF is even

the most significant when  training samples  are used.

For  example,  compared  with  the  T5  model,  our  KTGF

model  improves  the  full  F1-score  by %  ( %  for

KTGF  VS. %  for  T5)  when  trained  with 

samples  and  improves  it  by  a  larger  margin  of %

( % for KTGF VS. % for T5) when trained with

 samples. The results demonstrate that our model can

model  the  MD-TSPE task  more  efficiently  through  two-

stage  generation  and  knowledge-enhanced  prompt  in  an

extremely low-resource setting.

 
 

Table 5    Low-resource evaluation on the Chunyu dataset. The
F1-scores (%) of both term and full evaluations are shown.

Model
1% 5% 10%

Term Full Term Full Term Full

MIE 27.74 19.25 43.74 32.35 68.28 51.12

T5 base 61.39 35.72 77.08 47.27 82.37 57.35

KTGF base 73.02 43.96 84.8 52.41 90.1 64.26

w/ term data 78.79 44.96 88.19 55.72 91.87 65.7

w/ both 79.27 45.24 87.84 56.27 94.87 67.81

 

w/

w/

We  further  explore  the  generalization  ability  of  KT-

GF  equipped  with  data  augmentation.  Specifically, 

term  data  denotes  that  the  KTGF  base  only  augments

the training data in the term generation phase, while 

both means that the special status is further employed to

enrich  the  training  data  in  the  status  generation  phase

after term data augmentation. From Table 5, we can see

that  the  additional  training  data  with  term  annotation

improve the performance in all the metrics. This demon-

strates  that  the  two-stage  generation  of  our  KTGF  can

effectively  leverage  the  data  that  only  contain  term  an-

notation to alleviate the data sparsity problem. Then we

enrich  the  training  data  in  the  status  generation  phase,

and  the  performance  is  further  boosted.  This  indicates

that  our  design  of  special  status  promotes  KTGF learn-

ing  how  to  generate  the  correct  status  according  to  the

status candidates.

 5   Analysis and discussion

 5.1   Ablation study

w/o

w/o

w/o w/o

We integrate the prior schema information containing

the  categories  and  status  candidates  of  the  terms  to

prompt status generation. To analyse the contribution of

the  prior  schema  information,  we  evaluate  some  KTGF

base  variants  where  different  prior  information  is  re-

moved, and the results are shown in Tables 3 and 4. Spe-

cifically,  status denotes that the KTGF base, which

do  not  use  the  status  information  and  only  use  the  cat-

egory information,  while  category is  the  opposite  of

 status;  knowledge means that neither status nor

category information is utilized. Since the CMDD dataset

only contains the symptom category, it is unnecessary to

distinguish terms from different categories. Therefore, we

do not use the category information in this dataset.

82.55

79.05

3.5 w/o

0.11

From Table 3, it can be seen that each time after re-

moving a kind of  relevant prior knowledge,  the perform-

ance  of  the  KTGF  model  declines,  indicating  that  all

kinds  of  knowledge  are  helpful  for  the  MD-TSPE  task.

On the Chunyu dataset, the F1-score drops from %

to % after removing the status candidates, which is

a  larger  reduction  ( %)  compared  with  the  cat-

egory ( %).  That is  because the status  candidates  in-

tuitively include the information that the generated out-

put needs, which makes the model learn the status gener-

ation  more  effectively.  The  performance  after  removing

both categories and status candidates is the worst. Table 4

also  shows  that  incorporating  both  status  and  category

information gives KTGF the best results on the dialogue-

level evaluation.

We  also  note  the  small  impact  of  introducing  prior

schema  information  on  term  generation.  As  shown  in

Table 3, both the precision on the Chunyu, all metrics on

the  CMDD  dataset  are  improved  after  removing  the

status  candidates,  which  is  different  from the  full  evalu-

ation. The preliminary analysis is that the status candid-

ates  depend  on  the  categories  and  have  different  effects

on different categories  of  terms.  For further analysis,  we

conduct  the  evaluation  on  different  categories,  and  the

details are left to Section 5.2.

In addition, compared with the results on the CMDD

dataset, more remarkable improvement is achieved on the

Chunyu  dataset  after  introducing  the  prior  schema  in-

formation.  One  possible  reason  for  explaining  this  phe-

nomenon is that the Chunyu dataset has more categories

and more status candidates, and the learning of complex

prior  task  knowledge  is  more  dependent  on  the  know-

ledge-enhanced prompt.

 5.2   Comparison with respect to different
categories

Considering  that  the  prior  schema  information  con-
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tains  the  category  and  the  status  candidates  of  terms,

and the status candidates also depend on the categories,

we  are  curious  about  the  effectiveness  of  the  knowledge

on different categories. Here we evaluate the Chunyu test

set  based on the categories,  and the empty prediction is

not taken into account. The Chunyu dataset has four cat-

egories  (symptom,  test,  surgery  and  other  information),

and  the  evaluation  results  of  different  categories  are

shown in Fig. 3.

w/o

w/o w/o

As  seen,  the  performance  of  all  models  on  different

categories  varies  greatly,  but  it  is  basically  consistent

with  the  amount  of  data  for  corresponding  categories  in

the  dataset.  The  category  “symptom”  occurs  most  fre-

quently,  while  the  “surgery”  and  “other  information”

rarely  appear.  For  all  categories,  our  proposed  KTGF

outperforms the baseline models MIE and T5. After util-

izing  the  categories  and  status  candidates,  KTGF  per-

forms best both on term evaluation and full evaluation in

three of the four categories, except “symptom”. Consider-

ing that “symptom” occurs  most  frequently in the data-

set among all the categories, we analyse that it is the util-

ization of both category and status candidates that makes

the  model  pay  more  attention  to  the  long-tail  category.

Therefore, the performance of the category “symptom” is

reduced, which results in KTGF  knowledge perform-

ing the best on term evaluation. Even so, compared with

KTGF  knowledge, the KTGF  category still per-

forms better on full evaluation, demonstrating that status

knowledge can be helpful for the category “symptom” on

status generation.

 5.3   Comparison with respect to the num-
bers of mentioned terms

The two-stage generation of our KTGF model simpli-

num = 0

1 ≤ num ≤ 4

fies the output sequence to only contain the terms in the

first  stage  and  gains  better  results  on  term  evaluation.

Here  we  further  explore  the  effectiveness  of  the  KTGF

model  on  different  numbers  of  mentioned  terms,  which

determines  the  length  and  complexity  of  the  output  se-

quence in the term generation phase. All the experiments

are performed on the Chunyu dataset, and the results are

presented  in Fig. 4.  “ ”  means  that  the  test  ex-

amples do not have golden labels.  “ ” means

there are no more than four terms mentioned in the test

examples.

num = 0

85

It can be observed that the performance of the classi-

fication-based  model  MIE  has  no  obvious  relationship

with  the  number  of  mentioned  terms  in  the  term evalu-

ation.  With  the  increase  in  the  number  of  mentioned

terms,  the  performance  of  the  T5 model  decreases  signi-

ficantly  both  on  term  evaluation  and  full  evaluation.

Even the F1-score of the T5 model in “ ” is only

, which means the model can not identify the examples

that do not have golden terms. Compared with the gener-

ative model T5, the performance of the two-stage genera-

tion  decreases  more  slowly  as  the  number  of  mentioned

terms increases on term evaluation. Even the downwards

trend of KTGF has changed on full evaluation. These res-

ults  show  that  KTGF  is  more  robust  both  in  the  situ-

ation  of  no  terms  and  many  terms  during  term  genera-

tion and eliminates the interference of the number of gen-

erated  terms  during  status  generation.  Unsurprisingly,

after  utilizing  the  categories  and  status  candidates,  the

KTGF model gains the best results on full evaluation.

 5.4   Comparison with respect to the chan-
ged status during dialogue interaction

A common  scenario  is  that  the  status  of  the  term is
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Fig. 3     The evaluation of different categories on F1-score
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9.57 73.48

63.91 7.44

82.55 75.11

changed  through  the  interaction  of  speakers.  Sometimes

the status of the term may not appear immediately after

the  term,  and  status  inference  requires  a  better  under-

standing  of  dialogue  interaction.  We  filter  the  examples

that  contain  these  terms  from  the  Chunyu  test  set  and

evaluate  them  with  different  models.  The  results  are

shown in Table 6. From the results, we can see that our

KTGF model  achieves  the  best  performance for  all  met-

rics.  Compared  with  the  T5  model,  the  KTGF  model

even  gains  a  margin  of %  ( %  for  KTGF  VS.

% for T5), which is more than the margin of %

obtained on overall  data ( % for KTGF VS. %

for  T5)  for  full  test  evaluation.  This  demonstrates  that

our  model  can  better  understand  more  complicated  dia-

logues where the status changes as dialogue progresses.

 5.5   Case study

To more qualitatively compare the performance of the

KTGF model with other baseline models, we select an ex-

ample from the test set of Chunyu, as shown in Table 7.

There are five terms mentioned in this  example,  electro-

cardiogram  and  myocardial  enzyme  belong  to  the  test,

the category of chest pain and cold is the symptom, and

smoking belongs to other information.

As  seen,  all  baselines  ignore  smoking,  while  our  KT-

GF  model  produces  it  and  its  corresponding  status  cor-

rectly.  This  demonstrates  the  satisfactory  ability  of  KT-

GF to  capture  the  terms  of  rare  categories.  In  addition,

the  T5  model  misjudges  the  breath  mentioned  in  the

spoken description of chest pain as dyspnea, which is not

the  case  in  the  KTGF model.  It  shows  that  the  KTGF

model can better understand the colloquial  expression in

medical  dialogues.  Moreover,  the  last  sentence  changes

the statuses of many terms, and only our model predicts

all  of  them  correctly,  which  verifies  the  effectiveness  of

our KTGF model in complex dialogue interaction scenari-

os.

 6   Conclusions

This  paper  proposes  a  knowledge-enhanced  two-stage

generative  framework  (KTGF)  for  term-status  pair  ex-

traction  from  medical  dialogues  (MD-TSPE).  In  the

framework, we generate all terms first and then generate

the  status  of  each  generated  term  in  the  second  phase.

We further design the knowledge-enhanced prompt in the

second phase to leverage the category and status candid-

ates of the generated term. For the low-resource setting,

we design a special status “not mentioned”, which makes

more  terms  available  and  enriches  the  training  data  in

the second phase.

We evaluated our KTGF model on two Chinese med-

ical  dialogue  datasets,  Chunyu  and  CMDD.  The  experi-
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Fig. 4     The evaluation for different numbers of mentioned terms on F1-score
 

 

Table 6    Evaluation of the examples with the changed status

Model status
Term Full

Precision (%) Recall (%) F1-score (%) Precision (%) Recall (%) F1-score (%)

MIE 93.4 81.23 85.09 58.85 59.51 57.43

T5 base 94.91 93.43 93.32 64.86 64.08 63.91

KTGF base 100 95.23 97.21 75.69 71.92 73.48

w/o status 100 94.78 96.92 71.31 67.66 69.15

w/o category 100 95.3 97.28 75.24 71.69 73.19

w/o knowledge 100 94.98 97.04 71.62 67.97 69.46
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ments  show  that  KTGF surpasses  the  previous  state-of-

the-art  results  by  5.55%  and  5.28%  for  Chunyu,  and

3.13% and 4.48% for CMDD on term and full evaluations,

respectively. It demonstrates the advantages of both two-

stage generation and knowledge-enhanced prompt in com-

plex dialogue scenarios compared with existing classifica-

tion-based  models  and  generative  models.  Low-resource

experiments show that two-stage generation can leverage

data  with  only  term  annotation,  and  improve  the  term

generation performance. Our designed special status “not

mentioned”  can  further  enhance  status  generation.  The

effectiveness  of  different  components  of  the  proposed

framework  is  also  illustrated  by  the  ablation  study  and

further discussion. Based on the analysis in this paper, we

hope that more works can be inspired to complete better

MD-TSPE as well as other similar tasks through step-by-

step  generation  and  find  ways  to  integrate  richer  prior

knowledge into the model.
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