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Abstract—Given a health-related question (such as “I have
a bad stomach ache. What should I do?”), a medical self-
diagnosis Android inquires further information from the user,
diagnoses the disease, and ultimately recommend best solutions.
One practical challenge to build such an Android is to ask
correct questions and obtain most relevant information, in order
to correctly pinpoint the most likely causes of health conditions.
In this paper, we tackle this challenge, named “relevant symptom
question generation”: Given a limited set of patient described
symptoms in the initial question (e.g., “stomach ache”) , what
are the most critical symptoms to further ask the patient, in
order to correctly diagnose their potential problems? We propose
an augmented long short-term memory (LSTM) framework,
where the network architecture can naturally incorporate the
inputs from embedding vectors of patient described symptoms
and an initial disease hypothesis given by a predictive model.
Then the proposed framework generates the most important
symptom questions. The generation process essentially models
the conditional probability to observe a new and undisclosed
symptom, given a set of symptoms from a patient as well as
an initial disease hypothesis. Experimental results show that the
proposed model obtains improvements over alternative methods
by over 30% (both precision and mean ordinal distance).

I. INTRODUCTION

According to a Chinese ministry of health report [1], 70%
of urban residents are in subprime health, but only 4.8% of
them actually go to hospitals. A business intelligence report
shows that close to 80% people first seek information online,
when they encounter medical and health issues. However,
the traditional search engine is very limited in providing the
correct medical information simply due to keyword based
search and ranking strategies. For example, when a young
mother searches for “My baby has low fever once a week
in the past few months” in Google, she will get hundreds
of retrieval results. At the same time, most search engines
ignore the critical terms “low”, “once a week” and “in the past
few months”, which are actually critical for medical diagnosis.
User studies show that people often have to search online for
hours, and rarely find any helpful information. Therefore, a
medical self-diagnosis Android, which can precisely answer
health-related questions, is highly desired. A medical Android
is very different from a traditional Chatbot, where the latter
often serves for entertaining purposes by generating amusing
responses or provides answers to simple questions like “How

is the weather today?”. The challenges to build a medical self-
diagnosis Android lie in accurate medical text understanding
and medical relevance inference, in order to inquire patients
more relevant information for accurate disease diagnosis. For-
tunately deep learning techniques have recently been widely
applied for text understanding and relation inference [2], [3],
[4], [5], [6], [7], [8], which possibly enable us to build an
intelligent Android for medical diagnosis. On the other hand,
the popularity of online health discussion forums such as
WebMD [9] and Chunyu Yisheng [10] provide huge amount
of valuable dialogue-like data to facilitate effective training of
deep models.

By exploring medical diagnosis in the real world as well
as in online forums, we observe a common procedure that
given a few patient described symptoms, a doctor will have
an initial hypothesis about what the disease might be. Then
the doctor responds by asking what other symptoms the user
has, in order to later confirm the disease. Under this scenario,
we define a stimulus-response pair: the stimulus is the set of
symptoms given by a patient, while the response is additionally
most relevant symptoms to ask the patient based on an initial
disease hypothesis and the given symptoms.

The core of the medical self-diagnosis Android is a novel
problem, named Relevant Symptom Generation: given a stim-
ulus and an initial disease hypothesis, what are the most rel-
evant and consistent symptoms to further inquire the patient?
Fig. 1 shows a concrete example. Given a few symptoms
described by a patient such as {runny nose, fever} and an
initial disease hypothesis common cold, which cannot be
confidently verified at this stage, we aim at generating more
relevant symptoms to inquire the patient, in order to make
more accurate disease diagnosis.

There are some intuitive solutions to this problem. For
instance, given the initial disease hypothesis, one could query
a knowledge base such as Wikipedia, to obtain possible
symptoms apart from those already given by the user. This
solution bears two disadvantages: (1) Correlations among
symptoms given by a user and to-be-generated symptoms
are not inferred or utilized during the generation process.
By inferring correlations among symptoms, it is possible
to generate a better response, consisting of symptoms more



Fig. 1. An example of our task: Relevant Symptom Generation. Given a
few symptoms (underscored) and a disease hypothesis, our task is to generate
more relevant symptoms to inquire the patient, for further disease prediction.

relevant to the disease prediction. (2) It can be very difficult
to avoid asking the symptoms that are already given, since
the informal language expressions of a symptom usually vary
a lot. Another traditional solution which takes into account
correlations among symptoms, is to build a medical knowledge
graph [11] where nodes are diseases and symptoms. However,
it used to be very time costly to infer the relations in a medical
knowledge graph when it contains a huge number of diseases
and symptoms [12]. Moreover, the inference accuracy highly
depends on the quality of graph connections and weights,
which is hard to guarantee as automatically constructing
knowledge graphs is a difficult task itself.

In this paper, we propose a relevant symptom generation
model (Fig. 2) based on recurrent neural networks[13], par-
ticularly long short-term memory (LSTM) [14], by utilizing
large-scale online medical data. Overall, given user described
symptoms and an initial disease hypothesis, our model outputs
other most relevant symptoms for further disease prediction.
We propose a network architecture to maximize information
utilization for the relevance inference, which contains three
key components: input layer from word embedding, LSTM
layer and augmented layer, referred to as augmented LSTM.
The word embedding layer projects each word/phrase into a
vector space using word2vec [15]. The LSTM layer extracts
hidden features for the current symptom in a response. The
augmented layer integrates the hidden features, the embed-
ding vector for the current symptom in the response, the
word/phrase embedding features from the stimulus and gener-
ate higher-level features, which will be used to predict the next
symptom in the response. With the LSTM layer, our model
can generate symptoms sequentially by considering what have
been generated/asked previously. With the augmented layer,
our model can incorporate information from the stimulus for
inference. To evaluate the performance of augmented LSTM
in capturing correlations among symptoms and those between
diseases and symptoms, we conducted experiments on a large
testing set, and provided case studies to show how it can be
used in a medical self-diagnosis Android and how it guides
the direction of disease prediction. Experimental results show
significant improvements of augmented LSTM over alternative
algorithms, indicating the usefulness of augmented LSTM for
relevant symptom inquiry in medical self-diagnosis Android.

To summarize, our contributions lie in three folds:

(1) To the best of our knowledge, this work is among
the first attempts to study an important problem related to
medical diagnosis: How to generate most relevant symptoms
given patient described symptoms and an initial disease hy-
pothesis. Such to-be-generated symptoms shall be utilized to
ask patients and decide the disease ultimately. The problem
is challenging in the sense that: (i) Both correlations among
symptoms and those between diseases and symptoms should
be captured in order to generate a high-quality response; (ii)
The symptoms shall be generated in a decreasing order in
terms of priority to ask patients, which is reflected in a real
situation.

(2) We propose an augmented symptom generative model
based on LSTM, whose network architecture can maximize
information utilization for the relevance inference. It naturally
incorporates the inputs from embedding vectors for patient
described symptoms and an initial disease hypothesis given by
a predictive model, to generate relevant symptoms for further
disease prediction. The generation process essentially models
the conditional probability of observing a symptom given a set
of patient described symptoms, an initial disease hypothesis,
as well as newly generated symptoms. Therefore, it meets the
above two challenges in dealing with the problem.

(3) Our work pave the path towards building a medical
self-diagnosis Android framework, which mutually incorpo-
rates relevant symptom generation and disease prediction.
The framework could also potentially answer health-related
questions and provide people valuable information regarding
medical suggestions, diagnosis, treatment, drug, etc., by ex-
tending the relevance inference to these topics.

II. PRELIMINARIES

We first clarify the definition of our task, and then give a
high-level introduction of the proposed approach.

Given a set of symptoms described by a patient and an initial
disease hypothesis, we automatically generate a sequence of
symptoms to further check with the patient for further disease
prediction. Fig. 1 shows a concrete example of our task,
where a patient describes a few symptoms {runny nose, fever}
she is recently suffering from. Based on the symptoms. A
doctor (or, a diagnosis algorithm) generates an initial disease
hypothesis “common cold”, which could not be confidently
verified at this moment and might not be the final diagnosis
decision. In this paper, we aim to generate a set of relevant
symptoms {breathing difficulty, cough}, so that questions
could be formulated inquiring whether the patient has such
symptoms or not. Patient responses to these symptom inquiries
will force the disease diagnosis component to re-predict the
disease by an independent disease prediction model. We use
STIMULUS, HYPOTHESIS, RESPONSE to respectively denote
the patient described symptoms, the initial hypothesis, and the
most relevant symptoms to be generated.

Our task is formulated as, given STIMULUS and HYPOTH-
ESIS, a set of symptoms shall be generated in the decreasing
order of their relevance to STIMULUS and HYPOTHESIS. We
name this problem as Relevant Symptom Generation, where
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Fig. 2. Relevant symptom generation model.

we aim at capturing correlations (1) between RESPONSE and
STIMULUS, (2) between RESPONSE and HYPOTHESIS, (3)
among those to-be-generated symptoms in RESPONSE.

Another key component in the medical self-diagnosis An-
droid is the generation of disease hypothesis by an independent
disease prediction model, which is also one of the input for
Relevant Symptom Generation task. We had successfully built
an independent disease prediction model using convolutional
neural network (CNN) proposed in [2], which is very powerful
for medical text understanding. The model constructs the
sequential multi-hot matrix by shifting the windows on raw
text, then perform the CNN with two convolutional layers and
max-pooling layers for discriminative feature construction, and
employ the softmax layer for final classification. The CNN-
based disease prediction model uses the raw text as input, and
outputs a list of diseases with probability from high to low.
The disease with the largest probability is set to be the disease
hypothesis in our medical self-diagnosis Android.

III. AUGMENTED LSTM NETWORK

Fig. 2 shows our augmented LSTM model to generate a
sequence of symptoms given STIMULUS and HYPOTHESIS.
We first clarify the notations used in the model. S stands
for STIMULUS and is a set of patient described symptoms,
i.e., S = {s1, s2, ..., sK}, such as {runny nose, fever}. H0

denotes the initial disease hypothesis given the symptoms,
e.g., common cold. R = {r1, r2, ..., rt, ..., rT } is a set of
observed symptoms in RESPONSE, available during training,
such as {breathing difficulty, cough}. Both S and H0 are
given to generate a sequence of most relevant symptoms.
ES denotes the extracted features for S. We use Y =
{y1, y2, ..., yt, ..., yT } to denote the output symptom sequence.
X = {x1, x2, ..., xt, ..., xT } with xt denoting the vector
representation of t-th symptom rt in the RESPONSE. Our
model is composed of the following layers: (1) Recurrent
layer, where each neuron is a memory cell in long short-
term memory (LSTM) [14], [13]; (2) Augmented layer, which
incorporates the extracted features for STIMULUS, the hidden
features output from the recurrent layer, and the current
symptom input; (3) Decoding layer and output layer, which

together serve as a multi-class classifier, and employ features
obtained from the previous augmented layer to predict the next
symptom. We refer to our model as augmented LSTM, where
features corresponding to STIMULUS are incorporated in the
augmented layer.

Given ES , H0, the current symptom xt, the next symptom
is generated through the following equations:

ht = LSTMCELL(xt, ht−1)

at = fa(Wahht +Waxxt +WasES + ba)

dt = fd(Wdaat + bd)

yt = fy(Wyddt + by)

(1)

Here, we use the word embedding feature H0 to start generat-
ing the first symptom. LSTMCELL represents a memory cell in
LSTM that captures current hidden states ht based on ht−1 and
current symptom vector xt. Wah ∈ RLa×Lh , Wax ∈ RLa×N ,
Was ∈ RLa×Ls , Wda ∈ RLd×La , Wyd ∈ RLy×Ld are
connection weights between adjacent layers, where N , Ls,
Lh, La, Ld, Ly are the respective dimensionality of xt, ES ,
recurrent layer, augmented layer, decoding layer, and output
layer. Ly is the same as the number of symptoms in the corpus.
ba bd, and by are bias vectors. fa, fd, and fy are activation
functions respectively for augmented, decoding, and output
layer, where fa and fd are sigmoid functions while fy is
a softmax function. Essentially, fy will output a probability
distribution over the next symptom to be generated.

Following [13], function LSTMCELL is achieved by the
following gate functions:

gt = φ(Wgxxt +Wghht−1 + bg)

it = σ(Wixxt +Wihht−1 + bi)

ft = σ(Wfxxt +Wfhht−1 + bf )

ot = σ(Woxxt +Wohht−1 + bo)

st = gt � it + st−1 � ft
ht = ot � tanh(st)

where φ and σ are activation functions and commonly instan-
tiated with tanh function and sigmoid function.

IV. MODEL LEARNING AND PREDICTION

In this section, we discuss how to learn the parameters in
our model.

A. Gradient Computation

Given a training instance, i.e., a tuple <S,H0, R>, we first
obtain the vector representations for each word/phrase in the
tuple, and then calculate:

ES =
1

K

K∑
i=1

v(si)

x0 = v(H0)

xt = v(rt),∀t ≥ 1

h−1 = 0

(2)

where v(·) denotes the vector representation for a word/phrase
in the vocabulary, learnt from the training corpus based on the
word2vec algorithm [15]. We use 0 to denote a zero vector.
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Given a training tuple <S,H0, R>, we adopt a log-
likelihood cost function [7], which is directly related to the
Perplexity measure for evaluating a language model [16].

C<S,H0,R> = − 1

T + 1

T∑
t=0

logP (rt+1|r0,...,t, S,H0) (3)

Intuitively the probability P (rt+1|r0,...,t, S,H0) captures the
likelihood of generating the next symptom rt+1 given the
previous ones r0,...,t, the STIMULUS, and HYPOTHESIS. The
probability P (rt+1|r0,...,t, S) can be captured by the compo-
nent corresponding to rt+1 in our softmax output yt. When
t = T , rT+1 =“END”, which is an end sign typically used
when generating sequences [7].

Then the cost function defined on the entire training dataset
is:

C = 1

|D|
∑

<S,H0,R>∈D
C<S,H0,R> (4)

where D is the training set of tuples < S,H0, R >, and |D|
denotes the size of set D.

For clarity, here we show the derivatives of all the parame-
ters based on one single training instance <S,H0, R>, which
can be trivially summed together to obtain derivatives on the
entire training set, i.e., C = C<S,H0,R>. In the following
equations, we use Ct = −logP (rt+1|r0,...,t, S,H0) to denote
the cost function at the t-th step for a given tuple <S,H0, R>.

To optimize parameters in output, decoding, and augmented
layers, we employ the back propagation strategy:

For output layer:

δyt = (yt − gt)� f ′y(Wyddt + by)

∂C
∂Wyd

∝
T∑

t=1

δyt d
ᵀ
t ;

∂C
∂by
∝

T∑
t=1

δyt
(5)

where gt is the ground-truth probability distribution over the
to-be-generated symptoms, with 1 in the element correspond-
ing to rt+1 and 0 elsewhere. � is the element-wise product.
f ′y(Wyddt+by) denotes the derivative of fy at Wyddt+by . δyt
is the “error term” that measures how much the input to the
softmax function was “responsible” for the prediction errors.
We use ᵀ to denote the transpose of a vector/matrix.

For decoding layer:

δdt = (W ᵀ
ydδ

y
t )� f ′d(Wdaat + bd)

∂C
∂Wda

∝
T∑

t=1

δdt a
ᵀ
t ;

∂C
∂bd
∝

T∑
t=1

δdt
(6)

where f ′d(Wdaat+bd) denotes the derivative of fd at the input
Wdaat + bd. δdt is the “error term” that measures how much
the input to the decoding layers was “responsible” for the
prediction errors.

For augmented layer:

δat = (W ᵀ
daδ

d
t )� f ′a(Wahht +Waxxt

+WasES + ba)

∂C
∂Wah

∝
T∑

t=1

δat h
ᵀ
t ;

∂C
∂Wax

∝
T∑

t=1

δat x
ᵀ
t

∂C
∂Was

∝
T∑

t=1

δatE
ᵀ
S ;

∂C
∂ba
∝

T∑
t=1

δat

(7)

where f ′a(Wahht+Waxxt+WasES +ba) denotes the deriva-
tive of fa at the input Wahht +Waxxt +WasES + ba. δat
is the “error term” that measures how much the input to the
augmented layer was “responsible” for the prediction errors.

Due to the time dependency in the recurrent layer, we
employ the back-propagation through time (BPTT) strategy
[13] to optimize the parameters in the LSTMCELL.

∂C
∂ht
∝

∑T
s=1 ∂Cs

∂ht
=
∂Ct

∂ht
+
∂
∑T

s=t+1 Cs
∂ht

(8)

We define CTt =
∑T

s=t Cs. Therefore,

∂C
∂ht
∝ ∂CTt

∂ht
=
∂Ct

∂ht
+
∂CTt+1

∂ht
(9)

∂CTt+1

∂ht
=
∂CTt+1

∂ht+1

∂ht+1

∂yt+1

∂yt+1

∂ht
+
∂CTt+1

∂st+1

∂st+1

∂gt+1

∂gt+1

∂ht

+
∂CTt+1

∂st+1

∂st+1

∂it+1

∂it+1

∂ht
+
∂CTt+1

∂st+1

∂st+1

∂ft+1

∂ft+1

∂ht

(10)

∂CTt
∂st

=
∂Ct
∂st

+
∂CTt+1

∂st
=
∂Ct
∂st

+
∂CTt+1

∂st+1

∂st+1

∂st
(11)

Therefore, ∂CTt
∂ht

and ∂CTt
∂st

can be obtained in a recursive
manner with:

∂Ct
∂ht

=W ᵀ
ahδ

a
t ;
∂Ct
∂st

= (W ᵀ
ahδ

a
t )� ot � tanh′(st)

∂CTT+1

∂sT
= 0;

∂CTT+1

∂hT
= 0

∂ht+1

∂ot+1
= tanh(st+1);

∂ot+1

∂ht
=W ᵀ

ohσ
′(Woxxt+1 +Wohht + by)

∂st+1

∂gt+1
= it+1;

∂gt+1

∂ht
=W ᵀ

ghφ
′(Wgxxt+1 +Wghht + bg);

∂st+1

∂it+1
= gt+1;

∂it+1

∂ht
=W ᵀ

ihσ
′(Wixxt+1 +Wihht + bi)

∂st+1

∂ft+1
= st;

∂ft+1

∂ht
=W ᵀ

fhσ
′(Wfxxt+1 +Wfhht + bf )

Now the derivation of ∂C
∂Wgx

and ∂C
∂bg

, and derivatives of
other parameters in LSTMCELL can be obtained as follows:

∂C
∂Wgx

∝
T∑

t=1

∂CTt
∂st

∂st
∂gt

φ′(Wgxxt +Wghht−1 + bg)x
ᵀ
t

∂C
∂bg
∝

T∑
t=1

∂CTt
∂st

∂st
∂gt

φ′(Wgxxt +Wghht−1 + bg)

(12)

where φ′(·), σ′(·), and tanh′(·) respectively denotes the deriva-
tives of activation function φ, σ, tanh at their inputs.
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B. Model Optimization and Prediction

We first shuffled all the training samples, and used four
mini-batch of samples for parallel computing. All the weights
of the augmented LSTM network are updated by the average
of gradients computed from the four mini-batches. We used
the RMSprop [17] for weight update, which is an adaptive
step size method [18] that divides the learning rate for a
weight by an average of the magnitudes of recent gradients
for that weight, and is proved to be very effective [4], [7].
In RMSprop, the decay rate is generally set to be 0.9. ε is
the learning rate, which is one of the key hyperparameters
in training deep models. Hyperparameter selection will be
discussed in the experimental section. dr is the decay rate
and is generally set to be 0.9. ε is the learning rate, which is
one of the key hyperparameter in deep learning training. We
discuss hyperparameter selection in the experimental section.

For model prediction given a new STIMULUS and HY-
POTHESIS, the word2vec representations of symptoms ex-
tracted from STIMULUS will be used to calculate Es, the
word2vec representation of disease hypothesis will be input
as H0, then the augmented LSTM will output a list of most
relevant symptoms that are most relevant to the STIMULUS
and HYPOTHESIS.

V. EXPERIMENTS

Our experiments are to answer two questions: (1) Model
accuracy: How does the performance of the proposed models
compare to alternative methods? (2) Relevant symptom gen-
eration: How useful is our augmented LSTM model to gener-
ate relevant symptoms for disease prediction? The following
subsections present a detailed description of our dataset,
experiment design, evaluation metrics and the obtained results.

A. Experimental Dataset

We used a huge dataset from Xunyi Wenyao
(http://www.xywy.com), one of the largest doctor-patient
communication platforms in China. The dataset contains
more than 30 million disease-related communication between
patients and doctors. It records the medical questions online
patients asked and professional answers online authorized
doctors provided, constituting a huge-size of medical
question-answer (QA) pair dataset. Each QA pair contains a
list of symptoms or disease entities that are the key medical
information for the dialogue. For each QA pair, the website
gives a label of its most relevant disease, we also did a simple
disease label validation by checking the disease and symptom
entities in the QA pair to reduce the noise. One example
of the raw medical QA data labeled with common cold is
shown below:

Q: “I have got a cold and a fever”.
A: “Common cold may have the headache, discomfort,

chilly, some people may have low fever, dry throat itching,
and burning sensation of the nose and conjunctiva, may also
have rhinobyon, runny nose and cough. The cold may last
for seven days. The treatment depends on symptoms. Patients

with fever and headache, can take Compound Paracetamol or
Chlorphenamine Maleate”.

We first used our powerful symptom parser to extract those
symptom entities mentioned in each QA pair. The symptom
parser identifies the symptoms and diseases by matching with
a huge disease and symptom dictionary. A symptom similarity
graph is also used to map the online spoken symptoms to a
professional symptom representative. We removed those QA
pairs that have fewer than three symptom entities respectively
in both the question and answer. Then we inserted the disease
label into the beginning of the entity lists for question and
answer respectively, to emphasize the co-occurrence of disease
and its relevant symptoms. One example of preprocessed QA
pairs is:

Q: common cold, cold, fever
A: common cold, headache, discomfort, chilly, fever, dry

throat itching, rhinobyon, runny nose, cough
To generate a semantic representation of the symptom and

disease entities, we performed the word2vec training [15] by
setting the vector size 100 and 200 respectively, window size to
be 5, minimal frequency count to be 5 (to remove rare words),
generating a word dictionary of 15277 entities of diseases
and symptoms. The word2vec encoding of symptoms and
diseases could initially reveal the relevance between diseases
and symptoms, and that among symptoms, and are used for
the input to our augmented LSTM model.

We randomly selected 2 million QA pairs from the
processed dataset for training augmented LSTM, 200K
QA pairs for model validation, and 20K pairs for model
performance evaluation.

B. Alternative Methods

We compared our model with the following methods:
(1) Augmented Recurrent Neural Networks (RNN). Aug-

mented RNN was implemented in the same way as aug-
mented LSTM, except that the recurrent layer was achieved
by the standard recurrent neural networks [19], [20], instead
of LSTMCELL. Recurrent neural networks have been studied
extensively for pattern recognition and language understand-
ing [19], [21] and are known to have vanishing gradient prob-
lem, and cannot work well for long-range dependency [14].

(2) Frequency statistics. We first computed the frequency
of the co-occurrence symptoms for each disease using 2
million training QA pairs. Thus for a given disease, we could
compile a list of symptoms that are relevant to the disease
in the decreasing order of the co-occurrence frequency. We
used the relevant symptom list generated by the frequency
statistics as our baseline, to measure the performance of our
augmented RNN and augmented LSTM later.

C. Evaluation Measure

We used the following measure metric to measure the
performance of our models:
1) Mean Perplexity (MPPL). To train augmented RNN
and augmented LSTM model, we adopt a cross-entropy cost
function. It is related to the perplexity of observing the
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symptom entities in an answer given the symptoms in a
question. Perplexity is a standard measure for evaluating
language model [22], [23]. Recall the notations defined in
Section II. The perplexity for observing the RESPONSE R
given the STIMULUS S and HYPOTHESIS H0 is calculated
as follows:

PPL(R|S,H0) =
1

T

T∑
t=1

− logP (rt|S,H0, r1, ..., rt−1)

MPPL =
1

|D|
∑

<S,H0,R>∈D
PPL(R|S,H0)

where MPPL averages the perplexity of all instances in a
data set D (testing or validation set). P (rt|S,H0, r1, ..., rt−1)
is the softmax probability of generating the symptom rt given
S, H0 and previous symptoms r1, ..., rt−1. It corresponds to
the activation of the softmax layer of our model.
2) Precision and Recall. We compare model generated
symptoms with those actually observed in our dataset to
calculate precision and recall. Given a data set D with tuples
<S,H0, R>, we define the recall and precision [24] as:

Precision : =
1

|D|
∑

<S,H0,R>∈D
|R ∩ Y |/|Y |

Recall : =
1

|D|
∑

<S,H0,R>∈D
|R ∩ Y |/|R|

where Y is the symptom set generated by a model, given
STIMULUS S and HYPOTHESIS H0.
3) Mean Ordinal Distance. We propose the mean ordinal
distance to take into account the order of matched symptoms
in the sequence, as the symptoms should be generated in a
similar order as in the real answer. We define the mean ordinal
distance as:

1

|D|
∑

<S,H0,R>∈D

1

|R ∩ Y |
∑

s∈R∩Y
|ord(s, Y )− ord(s,R)|

where ord(s,R) and ord(s, Y ) are respectively defined as the
ordinal number of symptom s in the observed RESPONSE R
and generated Y . A smaller mean ordinal distance means a
more accurate matching with real cases in terms of priority to
appear in responses.

D. Hyperparameter Selection

For augmented RNN and augmented LSTM, we tried the
deep learning training with different hyperparameter combi-
nations, including word2vec feature size (input layer dimen-
sionality), mini-batch size, learning rate for RMSprop [17],
learning rate decay method. Specifically, we consider the two
learning rate decay methods 1/t-Decay and Step-Decay as
follows:
1/t-Decay: learning rate / (1 + 0.05 * epoch cur)
Step-Decay: learning rate * 0.8 if (epoch cur mod 3 = 0)
where epoch cur is the number of current epoch, and
epoch cur mod 3 = 0 means every 3 epochs.

In addition, we fixed the sizes of units for recurrent layer,
augmented layer, decoding layer, softmax layer (output layer)

TABLE I
MEAN PERPLEXITY OF AUGMENTED RNN AND AUGMENTED LSTM

UNDER DIFFERENT HYPERPARAMETER COMBINATIONS.

word2vec mini-batch learning learning RNN MPPL LSTM MPPL
size size rate rate decay

100 100 0.005 1/t-Decay 767.24 494.88
100 100 0.005 Step-Decay 792.95 494.88
100 100 0.0005 1/t-Decay 161.87 136.09
100 100 0.0005 Step-Decay 166.28 131.43
100 200 0.005 1/t-Decay 231.35 150.60
100 200 0.005 Step-Decay 264.04 216.67
100 200 0.0005 1/t-Decay 115.95 96.93
100 200 0.0005 Step-Decay 117.42 97.91
200 100 0.005 1/t-Decay 477.25 539.43
200 100 0.005 Step-Decay 745.0 526.77
200 100 0.0005 1/t-Decay 153.67 135.85
200 100 0.0005 Step-Decay 154.87 140.10
200 200 0.005 1/t-Decay 223.61 157.13
200 200 0.005 Step-Decay 263.13 198.42
200 200 0.0005 1/t-Decay 110.63 92.84
200 200 0.0005 Step-Decay 111.08 92.28

as 200, 200, 100, 15277, where 15277 is the number of
symptom and disease entities in the training set. For a val-
idation set of 200K QA pairs, the performance of different
hyperparameters for augmented RNN and augmented LSTM
can be found in the Table I respectively.

We have the following findings: 1) the performance of
word2vec size=200 is better than that of word2vec size=100,
as a more complex model may lead to more accuracy re-
sults [15]; 2) the performance of mini-batch size=200 is
significantly better than that of mini-batch size=100, possibly
due to more stability of gradient for mini-batch size=200; 3)
the performance of learning rate=0.0005 is significantly better
than that of learning rate=0.005; 4) the performance of 1/t-
Decay is comparable to that of Step-Decay.

From Table I, we can conclude that augmented LSTM
significantly outperforms augmented RNN for almost all
different hyperparameter combinations. We set parameters
for each model according to their best result in Table I. The
models are trained in an open-source deep learning platform
named Minerva with our improved customization for GPU
parallel computing.

E. Experimental Results

To evaluate the model accuracy and how useful our model
can be used to generate relevant symptoms, we compared
the performance of augmented RNN and augmented LSTM
with baseline methods aforementioned via recall, precision and
mean ordinal distance, using a testing set of 20K QA pairs.
1) Precision and recall. We varied the number of relevant
symptoms generated by each method, and computed a curve
for precision and recall accordingly. Fig. 3 shows the the curve
of precision against recall for augmented RNN, augmented
LSTM, frequency statistics by varying the number of relevant
symptoms from 1 to 25. It shows that augmented RNN
and augmented LSTM significantly outperforms frequency
statistics, for revealing the actual relevant symptoms that
online users may use for medical dialogue. The reason that
augmented RNN and augmented LSTM can greatly reveal
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Fig. 3. Model comparison on recall and precision.
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Fig. 4. Model comparison on mean ordinal distance.

the relevance between disease and symptoms, and that among
symptoms, is that: 1) RNN and LSTM has the ability to re-
current broadcast relevant information, 2) augmented structure
can fully utilize the question information and provide the
symptoms not only very relevant to diseases, but also the
symptoms in questions. These properties enable augmented
RNN and augmented LSTM to be applied for generating
most relevant information for dialogue. Moreover, augmented
LSTM is found to significantly outperform augmented RNN,
as LSTM is the advanced recurrent network, which can
handle long-term dependencies [14]. However, the precision
is still not very high, one reason is: Our model aims to learn
the symptoms that a disease usually has through large-scale
training data, for the disease, there could be dozens of possible
symptoms, and different patients may only describe a subset of
all possible symptoms online. So the symptoms users describe
in the testing data may deviate from the symptoms that model
learns, resulting in the moderate precision.
2) Mean ordinal distance. We used the mean ordinal distance
to compare the order of matched symptoms in the observed
data and the symptom lists generated by augmented RNN,
augmented LSTM and frequency statistics. By varying the size
of relevant symptom list from 1 to 25, we recorded the curve
of mean ordinal distance in Fig. 4. Augmented LSTM has
the lowest mean ordinal distance, i.e., closest to the symptom
order of ground truth in the testing set . Therefore, augmented

LSTM is more advanced in capturing the priority of symptoms
to appear in responses to a patient query.

F. Case Studies

Now we show that our augmented LSTM model can be
used for relevant symptom generation task in the medical self-
diagnosis Android which has multiple modules. We illustrate
two dialogue scenarios in English below by translation. The
original dialogue screenshots in Chinese are also present in
right of each dialogue. We aim to compare the quality of
relevant symptoms generated by augmented LSTM, with those
generated by frequency statistics and augmented RNN.

Without loss of generality, we start the dialogue with a
user describing some symptoms his/her baby has, then use
the CNN disease prediction module mentioned in Section 2
to generate the disease hypothesis based on user descriptions.
Then our model is applied to generate the next relevant
symptom to inquire. We formulate the symptom inquiry
using a simple question template: “any <symptom>?”,
“<symptom>” is our generated symptom. For simplicity,
we simulate the patient’s answer to any symptom inquiry as
“yes”. In reality, if a patient answers “no”, the symptom will
be not used for following disease prediction. We also apply
frequency statistics and augmented RNN model to generate
relevant symptom inquiries for further disease diagnosis.

1) Disease Hypothesis: Diarrhea
Given symptoms (diarrhea) and disease hypothesis diarrhea,
where diarrhea serves as both a symptom and disease name, in
Table II, Table III, and Table IV, we show diagnosis dialogues
with symptom inquiries recommended by frequency statistics,
augmented RNN, and augmented LSTM respectively.

Considering the symptom relevance to diarrhea, all the
symptoms in the dialogue of augmented LSTM (Table IV)
are the key representative symptoms of diarrhea, and most
symptoms in the dialogue corresponding to augmented
RNN (Table III) are also relevant to diarrhea, except the
“crying and screaming” which is only weakly relevant. In
the dialogue based on frequency statistics (Table II), the
symptoms “nausea” and “hyperspasmia” seem not relevant
to diarrhea.

2) Disease Hypothesis: Common cold
Given symptoms (fever and headache) and disease hypothesis
Common cold, in Table V, VI, and VII, we show diagnosis
dialogues with symptom inquiries from frequency statistics,
augmented RNN, and augmented LSTM respectively.

Considering the symptoms relevance to common cold, all
the symptoms in the dialogue of augmented LSTM (Table VII)
and that in the dialogue of augmented RNN (Table VI) are
the key representative symptoms of common cold, but the
order for augmented LSTM makes more sense than that
of augmented RNN. In the dialogue of frequency statistic
(Table V), the symptoms “pale tongue” and “red tip of the
tongue” seem not very relevant to common cold.
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Overall, augmented LSTM model can generate most repre-
sentative symptoms of a disease to inquire a patient, generally
better than augmented RNN and frequency statistics. It has
been successfully applied in the relevant symptom generation
task in our medical self-diagnosis Android.

TABLE II
SYMPTOM INQUIRIES GENERATED BY FREQUENCY STATISTICS (FS).

Patient: Baby has a little diarrhea Dialogue screenshot
FS: any Watery stool?
Patient: yes
FS: any fever?
Patient: yes
FS: any nausea?
Patient: yes
FS: any abdominal distension?
Patient: yes
FS: any dysphoria?
Patient: yes
FS: any hyperspasmia?

TABLE III
SYMPTOM INQUIRIES GENERATED BY AUGMENTED RNN (A-RNN).

Patient: Baby has a little diarrhea Dialogue screenshot
a-RNN: any dyspepsia?
Patient: yes
a-RNN: any crying and screaming?
Patient: yes
a-RNN: any vomiting?
Patient: yes
a-RNN: any abdominal distension?
Patient: yes
a-RNN: any dehydration?
Patient: yes
a-RNN: any mucous stool?

TABLE IV
SYMPTOM INQUIRIES GENERATED BY AUGMENTED LSTM (A-LSTM).

Patient: Baby has a little diarrhea Dialogue screenshot
a-LSTM: any dyspepsia?
Patient: yes
a-LSTM: any fever?
Patient: yes
a-LSTM: any dehydration?
Patient: yes
a-LSTM: any vomiting?
Patient: yes
a-LSTM: any abdominal distension?
Patient: yes
a-LSTM: any abdominal pain?

TABLE V
SYMPTOM INQUIRIES GENERATED BY FREQUENCY STATISTICS (FS).

Patient: Baby has fever and headache Dialogue screenshot
FS: any yellow phlegm?
Patient: yes
FS: any any pharyngeal swelling?
Patient: yes
FS: any sweating?
Patient: yes
FS: any pale tongue?
Patient: yes
FS: any viscous sputum?
Patient: yes
FS: any red tip of the tongue?
Patient: yes
FS: any bodily pain?

TABLE VI
SYMPTOM INQUIRIES GENERATED BY AUGMENTED RNN (A-RNN).

Patient: Baby has fever and headache Dialogue screenshot
a-RNN: any runny nose?
Patient: yes
a-RNN: any sweating?
Patient: yes
a-RNN: any expectoration?
Patient: yes
a-RNN: any dysphoria?
Patient: yes
a-RNN: any itchy throat?
Patient: yes
a-RNN: any vomiting?
Patient: yes
a-RNN: any lethargy?

TABLE VII
SYMPTOM INQUIRIES GENERATED BY AUGMENTED LSTM (A-LSTM).

Patient: Baby has fever and headache Dialogue screenshot
a-LSTM: any expectoration?
Patient: yes
a-LSTM: any sweating?
Patient: yes
a-LSTM: any runny nose?
Patient: yes
a-LSTM: any itchy throat?
Patient: yes
a-LSTM: any dysphoria?
Patient: yes
a-LSTM: any lethargy?
Patient: yes
a-LSTM: any vomiting?

G. Examples for disease diagnosis process in Case Studies

Furthermore, we want to investigate how the symptoms
generated in the dialogue affect the final disease diagnosis. We
illustrated the process of disease diagnosis in the previous two
case studies. The symptoms were generated one by one based
on our augmented LSTM to inquire the patient and then added
for disease prediction using our CNN model discussed in Sec-
tion II after patient confirmation. In Table VIII, for the initial
patient description “Baby has a little diarrhea”, the predicted
disease “diarrhea” has a significant higher probability than
other diseases, as it is exactly what the patient described. As
more symptoms being inquired and confirmed by the patient,
the probability of “diarrhea” decreases whereas the probability
of “gastroenteritis” monotonically increases. This is because
more and more symptoms confirmed by the patient are relevant
to “gastroenteritis”, and “diarrhea” becomes less relevant to
certain symptoms, e.g., “fever”, “bellyache”. In Table IX, for
the first patient description “Baby has fever and headache”, the
“cephalitis” is the third most likely disease ranking after the
two common diseases “common cold” and “upper respiratory
infection”, however its probability becomes very small when
more respiratory symptoms were confirmed by the patient.
With more and more respiratory symptoms being confirmed,
the list and order of most possible diseases become more
stable. In general, the symptoms generated by our augmented
LSTM in the dialogues can greatly assist the disease diagnosis
process.
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TABLE VIII
DISEASE DIAGNOSIS PROCESS OF CASE 1 VIA APPENDING SYMPTOM

GENERATED BY AUGMENTED LSTM AND CONFIRMED BY PATIENT (Si:
PATIENT SYMPTOMS IN ROUND i, Di: PREDICTED DISEASES IN ROUND i).

S0: Baby has a little diarrhea
D0: diarrhea (0.79), gastroenteritis (0.16),electrolyte disorder (0.02), cold (0.01)
S1: Baby has a little diarrhea, dyspepsia
D1: diarrhea (0.75), gastroenteritis (0.19), electrolyte disorder (0.02), cold (0.02)
S2: Baby has a little diarrhea, dyspepsia, fever
D2: diarrhea (0.64), gastroenteritis (0.23), cold (0.08), electrolyte disorder (0.02)
S3: Baby has a little diarrhea, dyspepsia, fever, dehydration
D3: diarrhea (0.66), gastroenteritis (0.24),electrolyte disorder (0.05), cold (0.03)
S4: Baby has a little diarrhea, dyspepsia, fever, dehydration, vomit
D4: diarrhea (0.52), gastroenteritis (0.32),electrolyte disorder (0.06), cold (0.05)
S5: Baby has a little diarrhea, dyspepsia, fever, dehydration, vomit, bloating
D5: diarrhea (0.48), gastroenteritis (0.36), electrolyte disorder (0.04), cold (0.04)
S6: Baby has a little diarrhea, dyspepsia, fever, dehydration, vomit, bloating, bellyache
D6: diarrhea (0.43), gastroenteritis (0.41), cold (0.05), electrolyte disorder (0.04)

TABLE IX
DISEASE DIAGNOSIS PROCESS OF CASE 2 VIA APPENDING SYMPTOM

GENERATED BY AUGMENTED LSTM AND CONFIRMED BY PATIENT (Si:
PATIENT SYMPTOMS IN ROUND i, Di: PREDICTED DISEASES IN ROUND i).

S0: Baby has fever and headache
D0: cold(0.75), upper respiratory infection(0.12), cephalitis(0.03), acute tonsillitis(0.03)
S1: Baby has fever and headache, expectoration
D1: cold (0.60), upper respiratory infection (0.24), bronchitis (0.05), pneumonia (0.05)
S2: Baby has fever and headache, expectoration, sudation
D2: cold (0.66), upper respiratory infection (0.18), pneumonia (0.08), bronchitis (0.04)
S3: Baby has fever and headache, expectoration, sudation, running nose
D3: cold (0.77), upper respiratory infection (0.14), pneumonia (0.04), bronchitis (0.02)
S4: Baby has fever and headache, expectoration, sudation, running nose, itchy throat
D4: cold (0.71), upper respiratory infection (0.18), bronchitis (0.03), pneumonia (0.03)
S5: Baby has fever and headache, expectoration, sudation, running nose, itchy throat,

fret
D5: cold (0.71), upper respiratory infection (0.19), bronchitis (0.03), pneumonia (0.02)
S6: Baby has fever and headache, expectoration, sudation, running nose, itchy throat,

fret, lethargy
D6: cold (0.74), upper respiratory infection (0.17), bronchitis (0.03), pneumonia (0.02)
S7: Baby has fever and headache, expectoration, sudation, running nose, itchy throat,

fret, lethargy, vomit
D7: cold (0.73), upper respiratory infection (0.14), bronchitis (0.04), pneumonia (0.02)

VI. RELATED WORK

Previous work related to our study can be summarized into
the following categories:
Symptom Analysis and Disease Inference. Ling et al. [25]
proposed a Symptom-Medication (Symp-Med) matching
framework to model symptom and medication relationships
from clinical notes. After extracting symptom and medication
concepts, a weighted bipartite graph, representing the relation-
ships between two groups of concepts, was constructed and
used to efficiently answer user’s symptom-medication queries.
Studies in [26] proposed Med2Vec, a scalable two layer neural
network for learning representations for medical concepts
such as diagnosis, medication, procedure codes and visits for
healthcare predictive tasks. Different from these studies, we
investigated the associations between diseases and symptoms
and those among symptoms, rather than relationships between
symptoms and medication. Diseases considered in our work
are quite general and not limited to a particular one.

Sondhi et al. [27] presented a mining framework Symp-
Graph for modeling and analyzing symptom relationships
in clinical notes. SympGraph models symptoms as nodes
and their co-occurrence relations as edges, which can be
constructed automatically through extracting symptoms over
sequences of clinical notes for patients. SympGraph was
applied to expand a given set of symptoms to other related

symptoms by analyzing the underlying graph structure. Dif-
ferent from this work, we considered not only the correlations
between the given symptoms and to-be-generated symptoms,
but also those between the disease hypothesis and symptoms.
Moreover, we adopted a deep neural network approach which
is able to capture high-order correlations and has been shown
to be more advanced than co-occurrence based approaches.
In [28], Nie et al. proposed a deep learning scheme to infer
the possible diseases of the given questions in community-
based health services. In reality, it is often observed that given
a few patient described symptoms, it is hard to determine
the disease; therefore, in our work, instead of predicting the
possible diseases, we automatically generate most relevant
symptoms that a doctor could further ask the patient in order
to make the final diagnosis decision.
Conversational Assistant in Healthcare. CARDIAC was pro-
posed in [29] as a prototype for an intelligent conversational
assistant that provides health monitoring for chronic heart
failure patients. Wong et al. [30] proposed a conversational
system to deliver health information to the end-users via
coherent conversations. The system allows the end-users to
vaguely express and gradually refine their information needs
using only natural language questions or statements as input.
In [31], the authors described how a conversational assistant
could help in four situations: finding a new specialist, finding
the closest pharmacy, consulting a specific drug prescription,
and making an appointment to see a doctor. The proposal inte-
grates language, dialogue, and ontologies to assist a user when
accessing different types of web sources such as informational
and transactional services, dictionaries, and maps. In this work,
we do not aim at building a conversational assistant specialized
in healthcare; instead, our model can naturally serve as a
crucial component of a reliable conversational assistant. In the
disease diagnosis process, it provides symptoms to inquire the
patient in order to make a confident diagnosis decision.
Deep Learning for Sequence Generation. Deep neural
networks have achieved great successes in generating natural
language sentences based on a given input, to name just a few
[3], [4], [6], [32], [7], [8], [33]. For example, [6] presented
a general end-to-end approach to sequence learning, which
used a multilayered LSTM to map the input sequence to a
vector of a fixed dimensionality, and another deep LSTM to
decode the target sequence from the vector. The approach was
applied to an English to French task and performed close to the
previous state of the art. Mao et al. [7] and Karpathy et al. [4]
presented the deep learning models to generate natural lan-
guage descriptions of images and their regions. Their approach
combined Convolutional Neural Networks over image regions,
with Recurrent Neural Networks or bidirectional Recurrent
Neural Networks over sentences, and aimed at learning about
the inter-modal correspondences between language and visual
data. An similar work was recently proposed in [33], which
proposed a mQA model to answer questions about the content
of an image. Shang et al. [3] generated responses in short-
text conversations from a microblogging service, where the
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generation of response was formulated as a decoding process
based on the latent representation of the input text, with both
encoding and decoding realized with recurrent neural net-
works. In [32], the authors targeted at conversational modeling
and predicted the next sentence given the previous sentence(s)
in a conversation. A straightforward model based on previous
sequence to sequence frameworks was shown to successfully
generate simple conversations given a large training dataset.
Different from these scenarios, we novelly designed a deep
architecture to assist disease diagnosis which can be utilized
in a conversational agent specialized in healthcare. We treated
the patient described symptoms, the current symptoms, and
its hidden features learnt by LSTM, as different “modalities”
and jointly used them to predict the next symptom to inquire
the patient. Our work exposed the potential of deep learning
approaches in a new application scenario.

VII. CONCLUSION

In this paper, we studied a core problem in medical self-
diagnosis Android, named Relevant Symptom Generation:
Given a set of patient described symptoms and an initial
disease hypothesis, what are the most relevant symptoms to
inquire the patient in order to make the step-by-step disease
diagnosis? We proposed to employ a novel augmented LSTM
to directly generate a sequence of relevant symptoms based
on the patient input and the initial disease hypothesis. The
model architecture can maximize information utilization for
the relevance inference, and is able to capture both correlations
among symptoms and those between diseases and symptoms.
To the best of our knowledge, this work is among the first
attempts to study an important problem related to disease
diagnosis, and is also the first attempt to employ deep learning
techniques for medical dialogue. Experimental results show
that our augmented LSTM model significantly outperforms
alternative methods. Case studies also show that our model
is able to guide the disease diagnosis process by generating
most relevant symptoms. We have successfully deployed the
model in a medical self-diagnosis Android that is specialized
to assist preliminary disease diagnosis.
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