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ABSTRACT

application domains, medical ITS is one of the most appealing ones
where doctors can consolidate knowledge and develop expertise.
In ITS services, personalized exercise recommendation is an essential function which can help students improve study efficiency
and enhance user experience. A key challenge in personalized exercise recommendation is to predict the difficulty of each question.
The difficulty of a question refers to the percentage of students
who answer this question wrongly. Given the difficulties of questions, ITS can recommend suitable questions for students with
varied knowledge proficiency. Furthermore, ITS can automatically
compose a discrimination test by selecting questions at different
difficulty levels.
However, the question difficulty is not known before students
actually take it. To estimate the difficulty in advance, a straightforward way is to ask teachers or experts to label according to
their experience. In practice, such manual estimation is not feasible.
First, this manner is labor intensive and hard to scale, especially for
ITS services with massive questions; Second, teachers or experts
label according to their subjective opinions, which may lead to the
biased and misleading results[6]. Another manner is to sample a
small number of students and use their error rate to estimate the
difficulty. Although such a manner is less biased than the first one,
it is also labor intensive and brings challenges in the student sample
strategy.
Recently, non-human based and data-driven solutions emerge.
For example, [6] focuses on reading comprehension problems in
standard English tests, which is similar to the problems in SQuAD
contest1 . [6] utilizes the reading passage, question, and options together to predict the question’s difficulty. However, it is non-trivial
to directly apply [6] to the multiple choice problems (MCP) in medical exams. As in reading comprehension problems, the answers
to questions can be inferred from the given passages, which also
means that the given passages are vital for this difficulty prediction
solution. In other words, the required knowledge is self-contained.
While in medical exams, except for the stem and options, no background knowledge is given.
The MCP is a typical problem style in medical exams, and the
National Medical Licensing Examination in China uses the MCP
as the primary question type. Figure 1 shows two examples. Each
MCP only contains a question text and five candidate answers with
four distractors.
To estimate the question difficulty for MCPs in medical exams,
we propose a novel Document enhanced Attention based neural
Network (DAN) framework. DAN consists of three major components: (1) We build a database of medical papers and textbooks.
Given a question, we use its stem and options to compose queries
and retrieve relevant medical documents to enrich the context. Then

In the ITS (Intelligent Tutoring System) services, personalized question recommendation is a critical function in which the key challenge is to predict the difficulty of each question. Given the difficulty
of each question, ITS can allocate suitable questions for students
with varied knowledge proficiency. Existing approaches mainly
relied on expert labeling, which is both subjective and labor intensive. In this paper, we propose a Document enhanced Attention
based neural Network(DAN) framework to predict the difficulty of
multiple choice problems in medical exams. DAN consists of three
major steps: (1) In addition to stem and options, DAN retrieves
relevant medical documents to enrich the content of each question;
(2) DAN breaks down the question’s difficulty into two parts: the
hardness for recalling the knowledge assessed by the question and
the confusion degree to exclude distractors. For each part, DAN
introduces corresponding attention layers to model it; (3) DAN
combines two parts of difficulties together to predict the overall
difficulty. We collect a real-world data set from one of the largest
medical online education websites in China. And the experimental
results demonstrate the effectiveness of the proposed framework.
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INTRODUCTION

Intelligent Tutoring System(ITS) services are widely adopted in
a broad range of domains. For example, Duolingo (a platform for
learning English) attracted 300 million active users. Among all
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1. The preferred test for diagnosis of heart failure is:
A. Chest X-ray
B. Echocardiogram
C. Left ventricular angiography
D. Stress test
E. ECG

Text-based Question Difficulty Prediction. Considerable research efforts[8, 9, 11, 13, 25] have been devoted recently to using
NLP (Natural Language Processing) methods to predict question
difficulty. Loukina et al.[9] have revealed that a system based on
multiple text complexity features, such as word unfamiliarity and
the average frequency of long sentences, can predict question difficulty. Ulrike et al.[13] approximated the question difficulty by the
amount of variation in student answers. They measured the answer variation as the average similarity of student answers among
themselves or their average similarity with the reference answer.
These works all required the manual design of textual features,
which are vital issues for these solutions. However, not all these
features are suitable for other applications. Differently, our work is
an end-to-end framework, which needs no other manual designed
features.
The work closest to ours is that of Huang et al.[6]. They proposed a non-human based and data-driven solution focusing on
question difficulty prediction for reading comprehension problems
in standard English tests. This work utilized the reading passage,
the question, and the options to predict the question difficulty. This
solution first utilized a CNN-based architecture to extract sentence
representations for the questions. Then, it used an attention strategy to qualify the difficulty contribution of each sentence in reading
passage and options. Finally, it aggregated the semantic representations of the documents, the questions, and the options to predict
the question difficulty.
In reading comprehension problems, the answers to questions
can be inferred from the given passages, which also means that
the given passages are vital for this difficulty prediction solution.
While in medical exams, except for the stem and options, no reading passage is given. Hence, it is non-trivial to directly apply this
solution to difficulty prediction for the MCPs in medical exams.
Nevertheless, this solution used CNN, which is hard to capture the
information in long-range contexts, to encode the text.

Answer: C
2. Female, 62 years old. Hypertensive patients, suddenly palpitations, shortness of breath,
coughing up pink tinged foam sputum. Physical examination: BP 200/126 mmHg, heart rate 146
beats/min. In addition to other treatments, which of the following drugs should be used:
A. Lanatoside C, Nitroglycerin, ISOprenaline
B. Strophanthink, Sodium nitroprusside, Propranolol
C. Guanethidine, Phentolamine, Lanatoside C
D. Sodium nitroprusside, Lanatoside C, Furosemide
E. Nitroglycerin, Lanatoside C, Dopamine
Answer: D

Figure 1: Two examples of multiple choice problems in medical exams.

we leverage a BiLSTM-based architecture to generate the semantic
representations for all text materials (i.e., the stem, option, and
retrieved medical text); (2) We break down the question’s difficulty
into two parts: the confusion and recall. Confusion refers to the
difficulty to separate the correct answer from the distractors, while
recall refers to the difficulty to recall the knowledge assessed by
the question. Next, we introduce two attention layers to model
two types of difficulties, respectively; (3) We combine two types of
difficulties to predict the overall difficulty. We collect a real-world
data set from one of the largest medical online education websites
in China. Moreover, the experimental results demonstrate the effectiveness of our proposed framework. As far as we know, this is
the first comprehensive data-driven solution to question difficulty
prediction task for multiple choice problems in medical exams.

2

RELATED WORKS

Manuscript submitted to ACM

Question difficulty has been widely studied in educational psychology. In recent years, some research efforts have devoted to machine
learning based question difficulty prediction. In this section, we
discuss two categories of related work.
Question Difficulty in Educational Psychology. On the one
hand, Susanti[16] investigated the relations between several factors
of questions and the corresponding question difficulty. On another
hand, question difficulty prediction has been widely studied in some
theories. Classical test theory (CTT) is a body of related psychometric
theory that predicts outcomes of psychological testing such as the
difficulty of items or the ability of test-takers. CTT utilizes statistical
methods to predict question difficulty. Item response theory (IRT) is
another theory, based on the application of related mathematical
models, evaluating the latent traits of the people and questions.
The latent traits of questions contain the question difficulty. The
Rasch model, a particular case of IRT, is a probabilistic model and
evaluates question difficulty from examinees’ responses modeled
by a logistic-like function. All of Gajjar[2], Rao[15], and Luger[10]
utilize the Rasch model and student feedback to predict question
difficulty.
However, the common limitation of these works is that they are
all labor intensive. Hence none of these works apply to the ITS
services, which have massive questions. Differently, our work is an
entirely data-driven solution.

3

DAN FRAMEWORK

In this section, we first introduce several basic concepts used in this
paper. Then we formally define the problem of question difficulty
prediction. Finally, we present the technical details of our question
difficulty prediction framework DAN.

3.1

Problem Definition and Framework
Overview

In this paper, we focus on the question difficulty prediction for
MCPs (see Figure 1) in medical exams. Let Q denote the set of
medical questions. Each question Q ∈ Q has a difficulty attribute
P obtained from student test logs, a correct answer A, and four
distractors {C 1 , C 2 , C 3 , C 4 }.
Problem Definition. Formally, given the question set Q, the goal
is to leverage all questions Q ∈ Q to train a model M (i.e., DAN)
which can be used to estimate the difficulties for questions in the
newly-conducted recommendation.
As shown in Figure 2, DAN is a two-stage framework. The first
stage is a document retrieval system, which is used to retrieve medical documents possibly related to the questions. The second stage
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is a neural network based question difficulty prediction model. We
will address each component in detail in the following subsections.

3.2
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When the students try to solve the medical questions, they will first
recall the medical documents related to the knowledge assessed
by the questions. Then they can infer the correct answers according to the remembered medical documents. DAN also first uses
the document retrieval module to retrieve the medical documents
related to the questions to enrich the contexts of questions to simulate human behaviors. Considering that the candidate answer is
relatively short and may not contain enough information for question difficulty prediction, we concatenate the question and each
candidate answer as a statement. Given a question Q and one of
its candidate answers (A or Ci ), we append the correct answer to
the question to form a question-answer statement S a = Q + A or
append a distractor to the question to form a question-distractor
statement Si = Q + Ci (i ∈ [1, 4]). Then we use a statement as a
query to perform an Elastic Search[3] based retrieval over the medical materials. The retrieved documents related to S a are denoted
as D a = {D 1a , D 2a , ..., D aN } and the retrieved documents related to
Si are denoted as D c i = {D c1i , D c2i , ..., D cNi }, where N stands for the
number of retrieved documents. The retrieved documents D a and
D c i are the N most related to S a and Si documents, respectively.
Inspired by some machine reading comprehension works [4, 22,
24], we use BM25 to measure the relevance between the questionanswer statement and the medical material. The BM25 measures the
relevance scores according to common words between the queries
and documents, with the consideration of the word importance.
Moreover, the most important words in questions and medical
documents are medical entities, which also always have larger
relevance scores for queries. Hence, the retrieved documents in
general contain some common medical entities with the questions,
which guarantee the semantic relevance between the questions and
the retrieved documents.
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Figure 2: DAN framework.

recalled by the students) and the question-answer statement
S a in our proposed framework.
• Confusion difficulty: In each MCP, there are four distractors. In order to examine the students, question writers are
instructed to make their distractors plausible yet clearly incorrect. The surface plausibility that the question writer has
intentionally built into distractors will confuse the students
and hinder them from excluding the distractors. We call the
difficulty caused by the distractors as confusion difficulty.
To measure the confusion difficulty of a question Q, we evaluate the semantic similarity between the question-distractor
i=4 and the question-answer statement S
statements {Si }i=1
a
in our proposed framework.

https://www.draw.io/

The Prediction Model

The prediction model is designed to predict the question difficulty
i=4 ) and
given a question Q with its candidate answers (A and {Ci }i=1
a
c
i=4
i
the relevant medical materials (D and {D }i=1 ).
As shown in Figure 2, the model contains two key modules which
evaluate the following two types of difficulties, respectively.

第 1 ⻚页（共 1 ⻚页）

The model first uses Bi-LSTM to encode each text sequence. Then
the model will encode two types of difficulties by two modules: 1)
confusion difficulty module; 2) recall difficulty module. Finally, the
model aggregates two types of difficulties to predict the overall
question difficulty.
t =L
Encoding Layer. Given a question-answer statement S a = {w ta }t =1 Q
t =L D
a
m
and a medical document D j = {w t }t =1 of N relevant documents,
we first convert every word w to its d-dimensional vector e via an
embedding matrix E ∈ R |V |×d , where V is the vocabulary. Then
we use the Bi-LSTM to extract the contextual representation for
each word.
The outputs of the bi-directional LSTM are two matrices: Sa ∈
RLQ ×d and Daj ∈ RL D ×d . For each question-distractor statement
Si and its relevant medical document D cj i , we also can obtain two

• Recall difficulty: When a student starts to solve a medical
question, she/he will first probe into her/his memory to recall
the knowledge related to this question. If the medical books
or the teachers have mentioned the knowledge assessed by
this question multiple times, the student will be familiar
with the assessed knowledge and further can evoke a large
amount of relevant knowledge, which can help her/him to
solve this question easily. In contrast, if the medical books or
the teachers rarely mention the knowledge assessed by this
question, it will be hard for the student to solve this question.
We call the difficulty caused by the rareness of the assessed
knowledge as recall difficulty. To measure the recall difficulty
of a question Q, we evaluate the semantic relevance between
the retrieved medical documents D a (like the knowledge

matrices Si ∈ RLQ ×d and Dcj i ∈ RL D ×d via the same encoding
process. LQ and L D are the maximum lengths of S a (Si ) and D aj (D cj i ),
respectively, and d is the dimension of word embedding.
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the original document representation and the question-aware repreeaj .
sentation together to form a new semantic representation, i.e., D
We adopt the fusion kernel used in recent works[1, 12] for better
semantic understanding.
a

Dj = Md j Sa , Md j = Attn(Daj , Sa )

(2)

eaj = Fuse(Daj , Daj ) = tanh([Daj ; Daj ; Daj ◦ Daj ; Daj − Daj ]Wf + bf )
D
(3)
where Wf ∈ R4d×d and bf ∈ Rd are the parameters to learn. [; ]
denotes the column-wise concatenation and − denotes the elementwise subtraction between two matrices.
In order to predict the recall difficulty, we introduce two layers
to collect the sentence-level and word-level similarity information,
respectively. Intuitively, the retrieved medical documents may only
contain some keywords related to the question, but not be relevant
to the question at the sentence level. Hence, in addition to the finegrained word-level similarity information, we compare the sentence
representations of the medical documents and the question-answer
statement to collect the sentence-level similarity information in
order to void producing biased results misdirected by some words.
(2) Sentence-level matching
eaj , we use two following steps to
For each medical document D
calculate the sentence-level semantic similarity between it and the
question-answer statement.
eaj and the questionFirst, both the document’s representation D
answer statement’s representation Sa are self-aligned to obtain
sentence-level representations hdj ∈ Rd and ha ∈ Rd , respectively.

Figure 3: The recall difficulty module.
Recall Difficulty Module. As mentioned above, if the medical
books rarely mention the knowledge assessed by a question, it will
be hard for the students to solve this question. In contrast, if the
retrieved medical documents have a strong correlation with the
question, it will mean that the question is mentioned by the medical
books multiple times, which will also mean that the students can
recall easily the knowledge assessed by the question. Hence, we
evaluate the semantic relevance between the retrieved medical
documents Da (like the knowledge recalled by the student) and
the question-answer statement Sa to measure the recall difficulty.
Figure 3 shows the recall difficulty module we proposed.
The inputs of this module are the contextual representations of
the question-answer statement and its retrieved documents, i.e., Sa
j=N
j=N
and {Daj }j=1 . The similarity between Sa and {Daj }j=1 is calculated by the following four steps.
(1) Rereading medical documents
There exists a semantic gap between the medical documents
and the question because they are collected from different sources.
Hence, the medical documents first are reread with the help of
the question-answer statement to gain a deeper understanding.
Inspired by some machine reading comprehension works[14, 17,
19, 22, 24], we use the attention mechanism to incorporate the
question-answer information into the medical documents and fuse
the question-aware representations and original representations
for better semantic understanding.
Given input matrices U ∈ RLU ×d and V ∈ RLV ×d , the attention
function is defined as


Ui: ◦ V:j
exp(α i j )
α i, j =
, M = Attn(U, V) = Í
(1)
√
i exp(α i j ) i, j
d

exp(r ka )
r ka = ReLU (Sa,k : Wдa + bдa ), r ka = Í
a
k exp(r k )
Õ
ha =
r ka Sa,k:

(4)
(5)

k

d
r j,k

d )
exp(r j,k
a
d
d
d
e
= ReLU (Dj,k : Wд + bд ), r j,k = Í
d
k exp(r j,k )
Õ
eaj,k :
hdj =
rd D
j,k
k
Rd×1 , bдa ∈

(6)
(7)

where Wдa ∈ Rd×1 , Wdд ∈
R, and bдd ∈ R are trainable
a
e
parameters. Sa,k: and Dj,k : denote the k-th row of Sa and the k-th
eaj , respectively.
row of D
After that, the retrieved medical documents are considered one
by one to capture the sentence-level correlation information with
the question-answer statement.
δ j = ha Wp hdj + bp

(8)

where Wp is a trainable bilinear projection matrix, and bp ∈ R is
also a parameter to learn. δ j is the sentence-level semantic similarity between the question-answer statement and its j-th retrieved
medical document.
(3) Word-level matching
eaj } j=N are oneIn this layer, the retrieved medical documents {D
j=1
by-one compared with the question-answer statement Sa at the
word level to collect the fine-grained semantic similarity inforeaj , we perform
mation. Specifically, for each medical document D

where ◦ denotes the element-wise multiplication operation, and
M ∈ RLU ×LV denotes the attention weight matrix.
We first introduce the attention layer to align the questionanswer statement representation Sa against each medical document
representation Daj . Then we introduce the fusion layer to combine
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the following three operations to calculate the semantic similarity
between it and the question-answer statement Sa at the word-level.
First, we use the attention function Attn(·, ·) to align the reeaj to the question-answer statement
trieved medical document D
Sa .
eaj )D
eaj
Fdj = Attn(Sa , D
(9)
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Pc
Prediction
Layer

r
e
Sj

=

r r
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r
+ bm
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(10)

r j=N

Pr = Siдmoid(tr Wr2 + b2r )
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Figure 4: The confusion difficulty module.
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Input Layer

• Each distractor has nature semantic relevance to the correct answer as mentioned above. Meanwhile, most of the
distractors only have a short sequence, as the two examples
shown in Figure 1. Hence, we only collect semantic similarity
information at the word-level in confusion difficulty module.

Then we concatenate the similarity information from all rer j=N
r j=N
trieved medical documents (i.e., {t̃j }j=1 and {t̂j }j=1 ) to predict
the recall difficulty Pr .
r j=N

D1a

Sa

(11)

tr = ReLU ([{t̃j }j=1 ; {t̂j }j=1 ]Wr1 + br1 )

c

Ŝ1

Da

(4) Prediction layer
In this layer, we first use mean-pooling and max-pooling to fuse
the similarity information of all positions of the question-answer
d
statement. For b
Sj ,
r
r
r
r
t̃j = MeanPooling(b
Sj ), t̂j = MaxPooling(b
Sj )

a

t4̂

c

t̃4

Enriching
Statements

r ∈ R2d×d and br ∈ Rd are trainable parameters.
where Wm
m
Finally, we combine the sentence-level similarity information
and word-level similarity information to obtain an overall comprehensive representation of the semantic similarity between the
question-answer statement and its j-th retrieved medical document.
r
r
b
Sj = δ j e
Sj

c

c

Word-level
Matching

Secondly, we collect the similarity information at each position
of the question-answer statement.

t1̂

t1̃

The inputs of this module are the contextual representations of
question-candidate answer statements and retrieved medical doci=4 , Da , and {Dc i }i=4 . As the recall difficulty
uments, i.e., Sa , {Si }i=1
i=1
module, we compare all question-distractor statements one by one
with the question-answer statement to collect the semantic similarity information. For simplicity, we consider the question-distractor
statement Si as a case in the following details. The similarity between Sa and Si is calculated by the following three steps.
(1) Enriching statements
In order to enrich the semantic representation of each candidate
answer, we first use the attention mechanism to attend the relevant
medical documents to candidate answers. We use the questionanswer statement Sa and its relevant documents Da as an example
to demonstrate the attention process:
i=N together to form a large
First, we join all documents {Dia }i=1
matrix.
Da = [Da1 |Da2 |...|DaN ]
(15)
https://www.draw.io/

where Wr1 ∈ R2N d×h , Wr2 ∈ Rh×1 , br1 ∈ Rh , and b2r ∈ R are
trainable parameters.
Confusion Difficulty Module. The confusion difficulty represents the degree of interference caused by four distractors. Rather
than merely utilizing the low level "literal similarities" to measure
the degree of interference, we first use the relevant medical documents to enrich the semantic representations of the candidate
answers and then measure the semantic similarities among the
candidate answers to measure the degree of interference. Figure 4
shows the confusion difficulty module.
As the recall difficulty module, the confusion difficulty module
also collect the semantic similarity information to measure a part
of question difficulty and use the Sa as an input. However, there are
some differences between other inputs of two modules, i.e., the four
i=4 and the retrieved medical
question-distractor statements {Si }i=1
documents Da . Hence, there are also some differences between the
two modules’ architectures.
• There exists a semantic gap between the medical documents
and the question-answer statement because they are gathered from different sources. In contrast, the question-distractor
statements have the same source as the question-answer
statement. Nevertheless, the surface plausibility has guaranteed that each distractor has close semantic relevance to
the correct answer. Hence, we do not need to leverage the
question-answer statement to reread the question-distractor
statements in the confusion difficulty module.

where [|] denotes the row-wise concatenation.
We secondly leverage the attention function Attn(·, ·) to incorporate the document information into the question-answer context,
and obtain the document-aware statement representation Sa .
Sa = Ma Da , Ma = Attn(Sa , Da )

(16)

Finally, we combine the original vectors Sa and the documentaware vectors Sa together to form an enriched semantic representation of the question-answer statement.
e
Sa = Fuse(Sa , Sa )
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where Fuse(·, ·) is the same as the fusion kernel used by the recall
difficulty module.
Likewise, we also can attend the knowledge of relevant doci=4 to obtain
uments to the question-distractor statements {Si }i=1
i=4 .
enriched representations {e
Si }i=1
(2) Word-level matching
Inspired by previous works[14, 23], the correct answer is compared with all distractors one-by-one to collect the information
describing the extent of pairwise interference. Specifically, for the
Sa , the interference information gathquestion-answer statement e
ered from the question-distractor statement e
Si is computed as:
SÛ i = [e
Sa − Fci ; e
Sa ◦ Fci ], Fci = Attn(e
Sa , e
Si )e
Si

(18)

c
c
b
Si = ReLU (SÛ i Wm
+ bm
)

(19)

70

# of students

60

c

c

0

0.0
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Figure 5: The distribution of the correct proportions of students. The correct proportion of a student is the division between the number of questions she/he answered correctly
and the number of questions she/he answered.
into a fully connected layer to predict the weight of the confusion
difficulty. Finally, the question difficulty is predicted as:
e
q = MeanPooling(Sa ), q̂ = MaxPooling(Sa )
γ

γ

(23)

γ = Siдmoid([e
q; q̂]W + b )
Pe = γ Pc + (1 − γ )Pr

(24)

Pi = дi /G i

(26)

(25)

Training. The question difficulty cannot be directly observed.
Hence, we obtain the real difficulty of each question from the test
logs, followed the previous works[5, 6]. Figure 6 shows a toy example of test logs. There are two ways to obtain the real difficulty.
(1) Proportion incorrect
A simple approach is to calculate the proportion of incorrect
answers by dividing the number of students who have answered
the question incorrectly by the number of students who have responded to the question[5, 6, 21]. The real difficulty of Q i ∈ Q can
be computed as follows:

(20)

(21)

where Wc1 ∈ R8d×h and bc1 ∈ Rh are the parameters to learn.
Finally, the interference information is input into a feed-forward
network to predict a scalar Pc , which is the confusion difficulty.
Pc = Siдmoid(tc Wc2 + b2c )

30

10

Then we aggregate the interference information collected from
all distractors together.
i=4
i=4
tc = ReLU ([{t̃i }i=1
; {t̂i }i=1
]Wc1 + bc1 )

40

20

c ∈ R2d×d and bc ∈ Rd are trainable parameters. b
where Wm
Si
m
represents the interference information gathered from the i-th distractor.
(3) Prediction layer
In this layer, we first use row-wise mean-pooling and row-wise
max-pooling to fuse the interference information at all positions
of the question-answer statement to get the final comprehensive
representation for each distractor. For b
Si ,
c c
c
c
t̃i = MeanPooling(b
Si ), t̂i = MaxPooling(b
Si )

50

where дi represents the number of students who have answered
question Q i incorrectly, and G i represents the number of students
who have responded to question Q i . For example, in Figure 6, the
real difficulty of the question Q 1 is P1 = 1/3 = 0.333.
(2) Rasch model
If all of the students have answered all of the questions, the first
way could estimate the difficulty accurately. However, not all of the
students answered all of the questions in our test logs. Meanwhile,
as shown in Figure 5, the abilities of the students were also different.
The existence of these two facts will result in that the first way
has some bias in the estimation process. For example, as shown in
Figure 6, the difficulties, estimated by the first way, of Q 3 and Q 4 are
the same. However, student U3 who answered Q 3 incorrectly performs better than student U4 who answered Q 4 incorrectly, which
means that Q 3 may be more difficult than Q 4 .
The Rasch model[18, 21] in Item Response Theory can be used to
estimate the question difficulty with the consideration of the student
ability. The Rasch model describes the probability of answering a
question correctly by a logistic-like function.

(22)

where Wc2 ∈ Rh×1 and b2c ∈ R are trainable parameters.
Prediction Layer. Intuitively, different types of questions have
different focuses and investigate the different abilities of students.
The "knowledge" type of questions (like the first example in Figure 1)
require that students remember accurately the knowledge assessed
by the questions. Hence, the distractors of this type of questions may
be more confused, which will undoubtedly increase the confusion
difficulty. The "inference" type of questions (like the second example
in Figure 1) examine more knowledge points than the "knowledge"
type of questions. For example, the first question in Figure 1 only
examines the knowledge about the diagnosis of heart failure, but
the knowledge points assessed by the second question contain
hypertension, acute heart failure, antihypertensive drugs, diuretics
and so on. Hence, it is hard for students to recall all knowledge
relevant to the "inference" type of questions.
Based on this intuition, we take the weighted sum of the confusion difficulty Pc and the recall difficulty Pr as the overall difficulty
Pe and use the semantic representation of the question to calculate
the weights. To get the comprehensive semantic representation of
the question, we conduct row-wise pooling operations and concatenation operation. Then we input the question representation

πi j = Probability(Yi j = 1) =

exp(β j − Pi )
1 + exp(β j − Pi )

(27)

where πi j denotes the probability that student U j will answer question Q i correctly, β j denotes the ability level of student U j , and Yi j
denotes the score of student U j on question Q i (1 denotes U j answer
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2

zp10211059
StudentID

QuestionID

Student Answer

Correct Answer

Score

U1
U2
U3
U4
U3
U4
...

Q1
Q1
Q1
Q2
Q3
Q4
...

A
B
B
A
D
A
...

B
B
B
C
C
D
...

0
1
1
0
0
0
...

Table 1: The statistics of the dataset.

Figure 6: A toy example of test logs.

Statistics

Values

# of test logs
# of students
# of questions
Average test logs per question
Average test logs per student

691,680
394
16,342
43.325
1755.533

i=|Q|
Õ
i=1

(Pi − Pei )2 + λ||θ M ||

500

0

25

50

75

100

125

Number of students

(a) The student count distribution.

(28)
1500
Number of questions

EXPERIMENTS

1000

500

0

0.2

0.4

0.6

Correct answer ratio

In this section, we evaluate the effectiveness of DAN on a realworld dataset. First, we introduce our experiment setup. Then, we
demonstrate that DAN outperforms all baseline methods. We further conduct the ablation analysis and qualitative analysis to provide further insight into how different difficulty components affect
the integrated system.

4.1

1000

0

where Pi is the real difficulty, estimated by proportion incorrect or
the Rasch model, of question Q i , Pei is the predicted difficulty (see
Eq.(25)), θ M denotes all trainable parameters in DAN, and λ is the
regularization weight.

4

1500

Number of questions

L(θ ) =

Number of questions

Q i correctly, and 0 indicates U j answer Q i incorrectly). By fitting
our test logs with the Rasch model, we can estimate the student
ability β and the question difficulty P iteratively. After estimating,
we use Min-Max normalization to scale the difficulty between 0
and 1, and the larger the difficulty is, the more difficult the question
is.
We define the training loss (to be minimized) as the sum of the
least square loss and a l2-regularization term.

0.8

1.0

600

400

200

0

0.0

0.2

0.4

0.6

0.8

1.0

Normalized correct answer ratio

(b) Number of questions w.r.t correct an- (c) Number of questions w.r.t correct answer ratio.
swer ratio normalized by the Rasch model.

Figure 7: Statistics of question set.

most questions are answered by more than 25 students. Figure 7(b)
shows the distribution of correct answer ratios of questions. We can
see that the correct answer ratios of questions are nearly a linear
distribution. The high value at 1.0 suggests that there are some easy
questions answered correctly by all students. Figure 7(c) shows the
distribution of normalized correct answer ratios of questions. The
correct answer ratios, normalized by the Rasch model, of questions
are nearly a normal distribution.
The unstructured medical materials (used by the document retrieval) consist of 2,130,128 published paper in the medical domain
and 518 professional medical textbooks.

Experiment Setup

Manuscript submitted to ACM

4.1.1 Dataset. The real-world dataset is collected from one of the
largest medical online education websites in China. This dataset
consists of more than 800,000 test logs (see Figure 6) and is collected
from September 2017 to July 2018. After receiving the dataset, we
preprocess it in two steps:
• Drop duplicates: In this data set, some students solve the
same question multiple times. These students may repeat
answer the same question to consolidate their knowledge.
However, since we use the ratio of students who answered a
question incorrectly to obtain the real difficulty, such duplicate attempts could lower the acquired difficulty. Hence, we
drop the students’ duplicate test logs and only reserve the
first attempt. After dropping duplicates, a test log represents
a unique <student, question> pair.
• Filter: If only a small count of students have tried to solve a
question, the obtained difficulty of this question will have
severe randomness. Hence, we filter the questions having
no more than 10 test logs.
After pruning, we conduct the statistics on the dataset. Table 1
shows some statistics results. Figure 7(a) shows the distribution
of the counts of students answered the questions. We can see that

4.1.2 Model Details. Word embedding is pretrained using the whole
unstructured medical materials with a vector dimension of 200 (i.e.,
d = 200), and the learned vector representations are shared across
different components of the proposed method. All text materials
used by DAN are truncated to no more than 100 words. Both each
distractor and the correct answer have five relevant medical documents, i.e., N = 5. The Bi-LSTM in the encoding layer also have
a dimension of 200. The parameters of the Bi-LSTM are shared
between the processing of questions and documents. The hidden
layer in the prediction layer has a dimension of 200, i.e., h = 200.
4.1.3 Training Settings. The model is trained with a mini-batch
size of 32. We use Adam optimizer with a learning rate of 0.0005.
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The dropout rate is set to 0.2 to reduce overfitting. The L2 weight
decay λ is set to 0.001.

4.2

Baseline Approaches

Since DAN is an end-to-end difficulty prediction model, we only
select a few end-to-end models as baselines with different considerations. Moreover, we also introduce two variants of DAN to
highlight the effectiveness of each module of our framework. There
are a total of five baseline approaches, including two variants of
DAN.
SVM+TF-IDF: SVM is a commonly used machine learning method.
TF-IDF is also a frequently used feature in many NLP tasks. We
choose this method to help to understand the overall difficulty of
this prediction task.
Bi-LSTM: Bi-LSTM is also a commonly used method in NLP. In
order to help in understanding the overall difficulty of this task and
demonstrate the effectiveness of two difficulty modules, we choose
it as another baseline approach. We use a Bi-LSTM to encode the
question-candidate answer statements to obtain the semantic representation and use a fully connected layer to predict the difficulty.
TACNN+Document Retrieval2 : TACNN is a question difficulty prediction model for reading comprehension problems in
standard English tests[6]. To the best of our knowledge, TACNN
is the only data-driven end-to-end solution to question difficulty
prediction task. Hence, we select this model to compare with our
model. To apply it to our medical dataset, we need to make some
changes as follows:
• Since the medical dataset does not contain the reading passages utilized by TACNN, we integrate the document retrieval module of DAN into it.
• The sentence length in the medical dataset is different from
the sentence length in English test dataset. Hence, we need
to change the pooling window sizes in CNN layer of TACNN
to fit the lengths of the medical documents. Specifically, we
set the pooling window sizes as (6, 6, 2, 4).

4.4

Performance Comparison

The experimental results of all the models, averaged over all five
folds, are summarized in Table 2.
There are several observations: First, our proposed complete
model, DAN, outperforms all baseline models significantly with
all metrics. Note that not only are the difficulties predicted by
DAN closer to real difficulties but also they have better agreement
with real difficulties. Second, DANR and DANC outperform other
baseline models, which indicates the effectiveness of the confusion
difficulty module and recall difficulty module. Third, SVM and BiLSTM perform worse than other models. This observation suggests
that the question difficulty prediction for multiple choice problems
in medical exams is a challenging task, which is difficult to solve
only with simple models and shallow semantic information.
In summary, all the above observations demonstrate that DAN
has an excellent ability to predict the difficulties of multiple choice
problems by incorporating the confusion difficulty module and the
recall difficulty module.

4.5

Performance Metrics

We evaluate all the models from both regression and rank perspectives. We omit the calculation details of all metrics for lack of
space.
• Root Mean Squared Error(RMSE) and Mean Absolute Error(MAE).
We use RMSE and MAE to measure the distance between
the predicted difficulty and the real difficulty. Values closer
to zero indicate better performances.
• Spearman Rank Correlation Coefficient(SCC). We use SCC to
measure the correlation between predicted difficulties and
2 Because

We perform 5-fold cross-validation and use paired two-tailed
t-test to measure the statistical significance between DAN and the
best baseline model ablating either DANR or DANC.

Varying the Amount of Training Data

To investigate the learning curve of all models under two kinds of
difficulty settings when varying the amount of training data, we
evaluate all models by using the 25%, 50%, and 75% subsets from
the training data of each fold. Note that the testing data in each fold
remains unchanged. The experimental results of all models, averaged over all five folds, are summarized in Figure 8. There are two
observations: First, under two kinds of real difficulty definitions,
we can see that when the amount of training data is small(25%),
the performance on RMSE of all models is similar. However, when
increasing the amount of training data to 50%, DAN and its two
variants outperform other baseline methods and lead them at 75%
and 100% training data. This observation suggests that DAN has a
stronger learning ability which can catch more semantic information. Second, when varying the amount of training data, DAN and
its variants always have a better performance on two rank-based
metrics. This observation indicates that the difficulties predicted
by DAN have better agreement with the real difficulties.

DANC: a framework which only has the confusion difficulty
module. We choose this framework to highlight the effectiveness
of confusion difficulty module.
DANR: a framework which only has the recall difficulty module.
We choose this framework to highlight the effectiveness of recall
difficulty module.
Both DAN and all baseline methods are implemented by PyTorch,
and all experiments are run on a Tesla P40 GPU.

4.3

real difficulties. The larger the SCC is, the better performance
the model has.
• Kendall Rank Correlation Coefficient(KCC). Kendall Rank Correlation Coefficient[7] is also widely used in many regression
problems in NLP[20]. We use it as another rank-based performance metric.

TACNN is not open source, we implemented our version based on PyTorch.
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4.6

Ablation Analysis

In order to highlight the individual contribution of each difficulty
module, we run an ablation study. As shown in Table 2, we can observe a performance decrease by removing the confusion difficulty
module or the recall difficulty module. Besides, we also can see
that DANC performs better than DANR. This observation suggests
that the confusion difficulty can reflect the question difficulty more
accurately than the recall difficulty, which may be decided by the
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Table 2: The performance results
Rasch model difficulty
Models

RMSE

MAE

SCC

KCC

RMSE

MAE

SCC

KCC

SVM
Bi-LSTM
TACNN

0.1716
0.1451
0.1349

0.1413
0.112
0.1063

0.3026
0.5835
0.6238

0.2043
0.4163
0.4493

0.1913
0.165
0.1585

0.1539
0.1235
0.1267

0.2926
0.5407
0.5876

0.1981
0.3826
0.4191

0.1319
0.1321
0.1311∗

0.1021
0.1018
0.1016∗

0.6531
0.6548
0.6611∗∗

0.4736
0.4739
0.4789∗∗

0.1537
0.1524
0.1521∗∗

0.1136
0.1121
0.1119∗∗

0.6249
0.6295
0.6373∗∗

0.4503
0.4539
0.4602∗∗

DANR
DANC
DAN

< 0.01, *p < 0.05

0.125

MAE

0.155
0.150

0.65

DAN
TACNN
DANC
DANR
Bi-LSTM

0.130

0.60
0.55

0.120

0.145

0.115

0.140

0.110

0.135

0.105

DAN
TACNN
DANC
DANR
Bi-LSTM

0.45
0.40

0.50

KCC

0.160

RMSE

0.135

DAN
TACNN
DANC
DANR
Bi-LSTM

0.165

SCC

**p

0.130

Proportion incorrect difficulty

0.45

60

80

0.100

100

0.35
0.30

0.40
0.25

0.35
0.30

40

DAN
TACNN
DANC
DANR
Bi-LSTM

40

% of training data

60

80

0.20
40

100

60

80

100

40

% of training data

% of training data

60

80

100

% of training data

(a) The Rasch model difficulty

0.60
0.55

0.13

0.16

DAN
TACNN
DANC
DANR
Bi-LSTM

0.45
0.40

KCC

0.50

0.14

SCC

0.17

0.65

DAN
TACNN
DANC
DANR
Bi-LSTM

0.15

MAE

0.18

RMSE

0.16

DAN
TACNN
DANC
DANR
Bi-LSTM

0.19

0.45

60

80

100

% of training data

0.11

0.30
0.25

0.35

0.12

40

0.35

0.40

0.30
0.15

DAN
TACNN
DANC
DANR
Bi-LSTM

40

60

80

0.25

100

% of training data

0.20
40

60

80

% of training data

100

40

60

80

100

% of training data

(b) The proportion incorrect difficulty

Figure 8: Varying the amount of training data. Since SVM performs far worse than other models, we do not illustrate its results.

character of the multiple choice problem. The recall difficulty is
caused by the rareness of the knowledge assessed by the question.
However, in multiple choice problems, even though that the students are unfamiliar with the correct answer, they still can use
the method of exclusion to select out the correct answer if they
are familiar with four distractors. In other words, the comparison
between the correct answer and the distractors can decrease the
recall difficulty. Hence, it indicates the comparison structure in
confusion difficulty module (as shown in Figure 4) can reflect the
recall difficulty to some extent.

4.7

extract the confusion information between the correct answer and
each distractor (see Eq.(18)). The co-attention weights represent
the semantic similarity between the correct answer and the distractor. The more similar a distractor and the correct answer are,
the more contribution the distractor makes to the confusion difficulty. Figure 9(a) shows an example. We can see that in a statement
the part most relevant to the correct answer is its distractor part.
Moreover, the most relevant to the correct answer is the second
statement. This observation means the second distractor makes the
most significant contribution to the confusion difficulty. Figure 9(b)
shows the count distribution of answers provided by students to
the example question. We can see most students who answered this
question incorrectly select the second distractor. This observation
also means the second distractor is the most confusing candidate,
which agrees with the analysis result from the attention heat map.
In the recall difficulty module, we capture the sentence-level
similarity information between the question-answer statement and

Qualitative Analysis

The design of confusion difficulty module and recall difficulty module enables convenient interpretation of the source of the question
difficulty.
Intuitively, we think that the four distractors create the confusion difficulty of the question. Based on this intuition, in the
confusion difficulty module, we use the co-attention strategy to
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Figure 9: Left: attention heat map from confusion difficulty
module. A darker color indicates larger attention weight.
In order to enable relevance comparisons among different
statements, we apply a softmax over the attention weights
of all words in all statements. Right: the distribution of student answers.
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Effective filtration pressure = (45 + 0)  (25 + 10) = 10mmHg

The effective osmotic pressure, that is, the difference between the plasma colloid
osmotic pressure and the tissue fluid colloid osmotic pressure, is the main force
limiting the formation of tissue fluid. Plasma colloid osmotic pressure is primarily
dependent on plasma protein, especially albumin concentration...
The formation of tissue fluid: If the effective filtration pressure is positive, it means
that liquid is filtered out of the capillaries; if it is negative, it means that liquid is
reabsorbed back into the capillaries. The amount of liquid filtered through the
capillary wall per unit time is equal to the product of the effective filtration pressure...
The filtration kinetics at any point on the glomerular capillaries can be expressed as
effective filtration pressure. Similar to the case of tissue fluid produced by the
systemic capillary bed, glomerular effective filtration pressure refers to the difference
between the power that promotes ultrafiltration and the resistance to ultrafiltration...
Text Effective filtration pressure = (capillary blood pressure + tissue fluid colloid
osmotic pressure)  (plasma colloid osmotic pressure + tissue fluid hydrostatic pressure)

Sentencelevel semantic similarity

Figure 10: Sentence-level semantic similarity visualization.

the retrieved medical documents. Figure 10 shows the sentencelevel similarities between the question-answer statement (shown
in Figure 9) and its retrieved medical documents. We can see that
the third document is most related to the question, indicating that
it makes the most significant contribution to alleviating the recall
difficulty of the question.
In summary, two visualization results hint that DAN provides a
good way for the interpretation of the difficulty source of a question.

5

CONCLUSIONS

In this paper, we propose a novel Document enhanced Attention
based neural Network(DAN) framework to automatically predict
question difficulty for multiple choice problems in medical exams.
For the proposed DAN, we design two methods based on different attention strategies to model two types of question difficulties,
which are combined together to predict the overall difficulty. Experimental results on a real world dataset demonstrate the superiority
of our proposed model and the effectiveness of two question difficulty components. Now, we only apply the DAN in medical exams,
but it can be easily adapted to the multiple choice problems of other
domain if we have the textbooks used by the retrieval module and
the exam records used by obtaining the ground truth because the
prediction model is agnostic to language and domain.
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