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Abstract. Question routing aims at routing questions to the most suit-
able expert with relevant expertise for answering, which is a fundamental
issue in Community Question Answering (CQA) websites. Most existing
question routing methods usually learn representation of the expert’s
interest based on his/her historical answered questions, which will be
used to match the target question. However, they always ignore the mod-
eling of expert’s ability to answer questions, and in fact, precisely mod-
eling both expert answering interest and expertise is crucial to the ques-
tion routing. In this paper, we design a novel Expertise-oriented Model-
ing explainable Question Routing (EMQR) model based on a multi-task
learning framework. In our approach, we propose to learn expert repre-
sentation by fully capturing the expert’s ability and interest from his/her
historical answered questions and the corresponding received vote scores
respectively. Furthermore, based on the representations of expert and
target question, a multi-task learning model is adopted to predict the
most suitable expert and his/her potential vote score, which could pro-
vide the intuitive explanation that why routes the question to the expert.
Experimental results on six real-world CQA datasets demonstrate the
superiority of EMQR, which significantly outperforms existing state-of-
the-art methods.

Keywords: Question routing - Community question answering -
Recommender systems

1 Introduction

Community Question Answering (CQA) websites have become popular web ser-
vice which could share and spread knowledge, having drawn much more attention
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recently, such as StackOverflow! and Quora?. A large volume of questions are
daily raised on the CQA websites. There are usually low user responses for the
majority questions and question raisers need to wait long time to obtain satis-
factory answers. Hence, the need for question routing arises in CQA websites.
And the question routing aims to recommend suitable experts in the community
to answer questions, which could help the question raisers receive satisfactory
answers.

Existing approaches for question routing can be categorized into two aspects,
including traditional methods and deep learning-based methods respectively. In
the traditional approaches, Zhou et al. [34] captures local and global features to
explore the possible respondents via a classification task. Liu et al. [18] designs
a topic-sensitive probabilistic model to rank user authority, which extracts the
topics applying LDA method [1]. However, traditional methods rely on massive
labor cost which expend lots of time selecting handcrafted features and are not
effective enough to learn complex semantic information. The deep learning-based
approaches commonly concentrate on modeling user’s expertise by the semantic
feature extraction of historical records [8,32].

Despite effectiveness, current deep learning-based methods suffer from the
following two key challenges:

e Expertise Modeling Implicitly. The great majority of users answering
the questions would receive the vote scores from others in the community,
which reflect the quality of answers. However, existing deep learning-based
methods don’t take the score information into account, which could be not
comprehensive enough to measure user’s expertise. For instance, Fu et al. [§]
retrieves similar information between expert historical questions and a raised
question to recommend the experts, exploring implicit relevance from the
question content.

e Question Routing Explainablely. The question routing approaches based
on the deep learning usually learn the user representation from his/her histori-
cal answered questions to predict the most suitable expert. Although previous
methods have achieved great performance, most of them haven’t made a rea-
sonable explanation for the routing results. As mentioned above, the answer
vote scores could be intuitive explanations whether the users are able to
answer questions. Nevertheless, current approaches haven’t explored explain-
able question routing, which would affect the routing credibility.

In order to alleviate the mentioned challenges, we present a novel Expertise-
oriented Modeling explainable representation learning approach for the Question
Routing (EMQR). The core of our approach is to learn expertise-oriented expert
representation and utilize the predicted vote scores to enhance the explainabil-
ity of question routing. To be specific, the question titles and answer scores
are encoded into expertise-oriented user representation entangled in the con-
text of semantic and score information of the questions. Moreover, we utilize a

! https://www.stackoverflow.com.
2 https://www.quora.com.
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multi-task model to realize the fusion of question routing and recommendation
explainability, which not only predicts whether to route new questions to the
suitable experts, but also forecasts the answer score to illustrate the explainabil-
ity of question routing.

The main contributions of our work are summarized as follows:

— We propose an expertise-oriented modeling approach (EMQR) to learn user
representation, which is exploited to model expertise explicitly and make
explainable question routing effectively. Compared with existing models,
EMQR achieves the explainability of routing in addition to question rout-
ing.

— We design the multi-task framework that incorporates score encoding into
user representation to predict the most suitable expert, which facilitates to
learn more appropriate representations for experts. This is a novel attempt
to adopt the multi-task learning-based approach to question routing in CQA
websites.

— We perform extensive experiments on six real-world datasets from different
domains to evaluate the performances of baselines, where EMQR significantly
outperforms existing methods over multiple metrics. The experimental results
also show that the multi-task framework improves the routing performance.

2 Related Works

In this section, we fall the related works into three aspects, including question
routing, multi-task learning and explainable recommendation.

2.1 Question Routing

The question routing aims to recommend suitable experts for the raised questions
in CQA websites. And the existing methods can be categorized into traditional
methods and deep learning-based methods: (i) Traditional methods Tradi-
tional methods [2,3,11,15,24,31] have been popular to realize question rout-
ing during the earlier periods. Chang et al. [3] proposes a collaborative frame-
work to route the question for a group of users, which introduces the user-user
compatibility to build topical expertise via the Linear Regression [27]. Yang
et at. [31] designs CQARank model to jointly model textual information and
user expertise under different topics. (ii) Deep Learning-based Methods.
Deep Learning-based methods [9,16,22,23,32] evaluate user expertise via the
extraction of semantic information and user features in the neural network. Qiu
et al. [23] matches similar questions to route satisfactory experts through a tensor
layer, which integrates question representation and semantic retrieval to capture
the interaction between different question sentences. Li et al. [16] establishes
a heterogeneous information network to incorporate user’s profile and utilizes
the metapath-based method to learn personalized expert representation in the
community. Fu et al. [8] focuses on similar historical information related to new
questions and explores the latent relevance between different questions in seman-
tic space.
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2.2 Multi-task Learning

The objective of multi-task learning is to improve the generalization by sharing
multiple parameters in related tasks [17,28], which has been widely leveraged
in recommender systems. And recent approaches [17,19,20,33] primarily intro-
duce deep neural network into the multi-task model. For instance, Ma et al. [20]
devises an entire space modeling approach to estimate post-click conversion rate
(pCVR) and post-view click-through rate (pCTR) simultaneously for the recom-
mender system. Lin et al. [17] proposes HMTGIN model to concurrently learn
the embedding of CQA forum graph on the multi-relational graph, which explic-
itly models the relationship between question askers and answerers by sharing
features. Zhao et al. [33] presents MMoE framework that captures multiple user
behavior to optimize engagement objective and satisfaction objective, signifi-
cantly improving the quality of video watching recommendation.

2.3 Explainable Recommendation

The explainable recommendation attempts to provide the reason why could
recommend a particular item to users. And explainable recommender system
could improve the acceptance of target items, persuade users to choose the
recommended items, and even enhance the overall credibility of system [12].
Many works with respect to the explainable recommendation has been proposed
recently [4,5,13,21,30]. For instance, MTER [30] exploits a multi-task learning
strategy which integrates two companion tasks via a joint tensor factorization,
including user preference modeling for recommendation and opinionated content
modeling for explanation. NARRE [4] introduces a novel attention mechanism
which could obtain the highly-useful reviews regarded as review-level explana-
tions. RUM [5] introduces memory-augmented neural networks to learn item-
level and feature-level representations at a finer granularity, providing reasonable
explanations by applying attention mechanism in memory networks.

2.4 Compared with Existing Methods

Although existing methods have achieved great performance, they neglect to
model the answer ability of expert for question routing, which would degrade
the quality of expert modeling. In this paper, our proposed EMQR aims to model
the ability of experts to answer different questions under the influence of score
characteristics, which could achieve expertise-oriented explainable representation
learning. Furthermore, to enhance the question routing explanation, a multi-task
learning framework is employed to perform question routing and provide intuitive
explanations for the routing results.
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3 Methods

In this section, we first introduce the problem definition for question routing
in CQA websites. Next, we present the expertise-oriented explainable question
routing approach with multi-task framework (EMQR). The overall architecture
is shown in Fig. 1, consisting of three major modules: a Question Title Encoder to
extract semantic features from the question titles, an Fapertise-oriented Expert
Encoder to capture the expert’s interest and expertise with respect to different
questions from his/her historical records. Finally, based on the learned expert
and target question representations, we employ a Multi-task Framework to com-
pute question-expert relevance scores, and simultaneously predict expert poten-
tial vote scores for the target question.

3.1 Problem Definition

In this paper, the question routing aims to predict the most suitable expert
who can provide an “accepted answer” for the target question in CQA websites.
Suppose that the target question is ¢¢ and the candidate expert set is U =
{u1, ..., um } respectively, where m represents the quantity of candidate experts.
For an expert u; € U, he/she has answered a series of questions denoted as

¢ =1{q1,...,qn}, where n represents the size of historical answered question
set. And the answers of expert u; are associated with the vote scores denoted
as V! = {v1, ..., v, }. Moreover, the title of j-th answered question g; is denoted
as W; = {wq,...,w}, j € [1,n], where [ is the length of question title. It is
notable that the expert who provides the “accepted answer” for target question
is regarded as the ground truth.

3.2 Question Title Encoder

In this section, we propose the Question Title Encoder to capture the title seman-
tic features of each question. We utilize token embedding layer to project the
word sequence of title to a low-dimensional vector sequence. Given a question
title ¢, denoted as W = {wq, ..., w; }, the Byte Pair Encodmg [26] is applied to
convert the title to token sequence W' = {wl, . wH_} where [+ is the length
of token sequence. Then we transform each token in the sequence into a vector,
which is denoted as t € R% with d,, as dimension. Thus, we can obtain the
token embedding matrix T = {ty,...,t;1 }, where the dimension of title token
sequence is T € RUH)*dw  The semantic features of title are extracted through
the Convolution Neural Network (CNN) from the token matrix T. Afterwards,
we stack the convolution results of K filters denoted as C and employ a dense
layer to convert the dimension from RY to R':

= ReLU(W;T +by),i € [1,.... K], (1)

C =cy1,...,ck], (2)
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Fig. 1. General architecture of EMQR method.

where W; and b; € Rt are the parameter of i-th filter, ¢; € Rt is the i-th
convolution result, C represents the stacked features of a question title and K
is the quantity of filters.
In this way, our model could learn the title representation o € R? via the
Question Title Encoder. To distinguish the representations of historical answered
t

questions and target question, we denote the former as og and the latter is o’.

3.3 Expertise-Oriented Expert Encoder

As mentioned above, the expert historical questions and corresponding vote
scores could measure his/her interest and expertise in a specific field. The
Ezxpertise-oriented Expert Encoder aims to model the expert’s interest and exper-
tise from his/her historical answered questions. The encoder contains two impor-
tant modules: (1) a Transformer Encoder to unify question title information and
vote score features for learning expert’s ability to answer different questions; (2)
an Attention Module to concentrate on more essential and relevant histories for
modeling the expert.

Transformer Encoder. For an expert u; € U, he/she is associated with vote
scores which implicitly represent his/her domain ability to answer different ques-
tions. Given a vote score v; € V! of j-th historical answered question, we encode
the score feature and convert it to a low-dimensional vector o} € RY. As shown
in Fig.1, we further combine og and of of j-th historical question feature by
sum operation, denoted as e;:

e; = o] +0j,j € [1,n], (3)
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where e; € R is the representation of j-th historical answered question, which
is used as the input of following module.

So as to acquire complex relationship in the long sequence, we take full
advantage of the Transformer [29] encoder to learn the aggregated representation
of a user’s all historical questions, which is utilized to obtain the embedding of
j-th historical question feature:

e; = Trm(ej + (ej)p), (4)

where e;, (e;), € R' are semantic features and position embedding of j-th his-
torical question, Trm(-) represents the Transformer encoder as in [29], which
includes two sub-layers: a Multi-head Self-attention (MS) layer and a Position-
wise fully connected Feed-forward (PF) layer respectively. In order to transmit
the information more deeply and enhance the fitting capability of model, the
residual connection is utilized in the Transformer layer:

Trm(e;) = LN(m; + D(PF (m))), (5)

m; = LN(ej + D(MS(e))), (6)

where LN(-) is the normalization layer and D(+) is the dropout layer. Through the
MS layer, we acquire expertise features of the user by h attention heads. After-
wards, the multi-head representations are concatenated to obtain the matrix of
all historical questions features denoted as H:

HZ = [Ms(e1)7 ...,MS(GH)}, (7)
MS(ej) = Concat(hy, ..., hy, )W, (8)
h; = Att(ejw.bv ejWiKa ejWiV)v (9)

_ QKT)
Att(Q,K, V) = Softmax(\/% V, (10)

where H!, € R™™ is the feature matrix of expert w; all historical questions,
MS(-) € R! is the concatenation of representations, W,, € R**! is the weight
parameter, W, Wi, WY, € RE*t/h are the trainable transformation matrix
for the i-th attention head respectively, and Q, K, V are both the parameter of
attention.

Attention Module. Considering that different historical records have distinct
relevances to the target question, we employ the Attention Module to pay atten-
tion to more essential historical questions under the guidance of target question.

As mentioned above, we have acquired the representation of target question
o' via the Question Title Encoder. Given the j-th historical feature h; in HY,
we incorporate target question o! into the concatenate feature matrix as follows:

a{L = [h; ®ot;hj;0t]7j € [1,n], (11)
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where al, € R3*! is the aggregated representation with respect to concatenate
feature matrix and target question, and ® represents the element-wise product
operation. Afterwards, we adopt the linear layer to project [; as a vector and
calculate the attention weight o/, which is computed as:

lj = Wjaf; + bj,j S [l,n], (12)

o= )

Zizl eXp(li)

where W is the weight parameter, b; is the bias and o, is the normalized

attention weight. Furthermore, we stack all historical questions features and

aggregate them with different weights via the sum-pooling operation to obtain
final representation u; of expert wu;:

o €(0,1),5 €[1,n], (13)

n

u; = Zaj“hj, (14)

i=1

To sum up, we acquire the final user representation u; under the guidance
of target question, which will be used for decoding in the following multi-task
learning framework to route target question to the most suitable expert.

3.4 Multi-task Learning Framework

In this section, we report the Multi-task Learning Framework to decode user
representation in order to locate the most suitable expert and acquire expert
potential vote score, which includes two types of predictors: the Ezpert Predictor
and the Score Predictor respectively.

Expert Predictor. For the main task, we first utilize different dense layers to
project the expert representation u; and target question encoding o? separately.
And we concatenate them as the input of Expert Predictor. Then we adopt
another dense layer to compute the relevance score S, between the expert and
the target question, which is computed as:

bug = &0, 5. = W (bu) + i (15)

where @ is the concatenation operation, b, , € R?*" is the concatenate represen-
tation of expert and target question, W, and p. are the parameters. Afterwards,
the candidate answerer who obtains the highest relevance score will be recom-
mended as the most suitable expert, and the answer provided by him/her will
be regarded as the “accepted answer” for target question.

Score Predictor. With respect to the auxiliary task, we conduct potential vote
score prediction based on the features of historical records and target question.
Analogously, we convert above features to different dense layers and concatenate
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them as the input of Score Predictor. Then we employ another dense layer to
predict the answer score as follows:

by, =u; @0, S, = WZI(b,,) + i, (16)

where b, , € R?*! is the concatenate feature matrix of expert and target ques-
tion, 5, is the predicted score label, W,, and pu, are the parameters. Then the
potential vote score provides an intuitive explanation that why recommends the
candidate expert to target question. And the higher the potential vote score, the
higher the probability which the answer provided by candidate expert will be
accepted.

Model Training. In this section, we train our model based on the negative
sampling method [14]. And we adopt two loss functions during the train pro-
cess. Pointing at the main task training, the expert who provides the “accepted
answer” is regraded as the positive sample for each question. And other K
experts are sampled as negative samples, including answerers who didn’t respond
this question and who didn’t provide acceptable answers. So as to minimize the
cross-entropy loss between predicted labels and true labels, the training objective
of main task is defined as:

K+1 R
£main = - Z SCZOQ(Sc)y (17)
c=1

where S. represents the ground truth of user label, and S, is the probability of
expert prediction.

Meanwhile, we also sample N vote score labels for training the auxiliary task.
Our purpose in the auxiliary task training is to minimize the cross-entropy loss
between predicted score labels and true vote score labels as follows:

N
Loue = — Z ,SA'UZOQ(SU), (18)
v=1

where S, is the ground truth of vote score label and S, is the probability for
score prediction.

Finally, we unify the expert prediction task with potential vote score predic-
tion task and simultaneously optimize above two tasks with the weight A\, and
the total loss of proposed model is defined as follows:

L= Lyain + Mauz- (19)

3.5 Differences with Existing Techniques

In this section, we highlight the key differences between the proposed method
and existing techniques.
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RMRN. RMRN [8], a recent deep learning-based method for the question
routing, exploits recurrent memory reasoning network to explore the relevance
between user historical records and target question. Both our proposal and
RMRN learn expert representations from his/her historical answered questions,
which recommend suitable experts for raised questions. For the expertise model-
ing, RMRN couldn’t explicitly measure expert’s ability to answer questions.
Unlike RMRN, our approach leverages expertise-oriented expert encoder to
model expert’s interest and expertise, instead of a complex recurrent structure
equipped with cascading reasoning memory cells, control and memory units.

NeRank. NeRank [16], a recently proposed method to achieve personalized
question routing, utilizes heterogeneous information network embedding algo-
rithm to learn user representation which takes question raiser’s profile into
account. Compared with NeRank, EMQR provides intuitive explanations for
routing results via the multi-task learning framework. Thus, our model not only
recommends experts precisely when new questions are raised, but also makes
the explanations for recommended experts improving user credibility for CQA
websites. Moreover, our method adopts a score prediction module to forecast the
answer score corresponding to target question.

4 Experiments

In this section, we further conduct experiments on six real-world datasets to
evaluate the performance of proposed method, EMQR. First, we introduce the
datasets and experiment settings successively. Then the performance is evaluated
against several existing methods in terms of three metrics. And we dissect the
impact of vote score features on the model performance with an ablation study.
In addition, the parameter sensitivity experiment is performed to explore the
effect of auxiliary hyper-parameter. Finally, in order to make it suitable for the
question routing, we demonstrate the explainability of our proposed EMQR via
a case study.

4.1 Datasets and Experimental Settings

Datasets. Six real-world datasets related to the CQA are applied to conduct
the experiments, including six domains, i.e., Print, History, Bioinformatics, Al,
Biology and English. Each dataset contains a question set where each question
includes its title and a vote score, which indicates how satisfied other users in the
community are with the answer. Following the work [16], we reserve the experts
who have answered at least 5 questions to avoid cold start problem. Table 1
shows the statistics of six datasets in details.

In chronological order, each dataset is divided into a training set (80%), a
validation set (10%) and a testing set (10%) respectively. For each question, a
candidate expert set is built with 20 experts which includes respondents whose
answers were not accepted and others who didn’t answer the question. In addi-
tion, the expert who provides the “accepted answer” for target question is the
ground truth.
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Table 1. Statistics of the datasets.

Dataset #question | #answerer | #answer | #avg.title length | #avg.vote | #vote range
Al 1,205 195 1,719 | 1097 7.20 —3~136
Print 1,033 112 1,686 |9.51 9.24 —6~44
Biology 8,704 630 11,411 |9.84 9.59 —7~241
English 46,692 4,781 104,453 |9.68 16.34 —69~828
History 4,904 471 9,452 | 12.38 29.57 —14~292
Bioinformatics 958 113 1,489 |9.93 7.72 —5H~142

Hyper-parameter Setting. In our experiment, the dimensions of token
embedding and question features are set to 100. And the quantity of Transformer
heads and Transformer encoder layers are both 2 respectively. We employ trun-
cate or pad operations to fix the length of historical answered question to 30.
For each question, the length of question title is fixed to 15. In order to balance
two tasks in our model, we set the auxiliary weight A as 0.9.

Evaluation Metrics. We adopt common recommendation ranking metrics to
evaluate our approach following the literature [32], which include MRR [7], Pre-
cision@K where K =1 and K = 3.

Baselines. We compare the proposed EMQR with eight competitive meth-
ods: (1) Score: A feature engineering-based approach selects the answerer
who has greater quantities of “accepted answer” as the recommended expert.
(2) BM25 [25]: A text-retrieval algorithm calculates the short-text similarity
between historical document collection and a given document. (3) Doc2Vec:
A document representation method learns semantic encoding from historical
answered questions to obtain the relevance in regard to target question, which
predicts a vector to represent different documents. (4) CNTN [23]: The CNTN
approach extracts semantic information of the question by integrating question
representation and word token matching. (5) RMRN [8]: The RMRN method
adopts a recurrent memory reasoning network to retrieve historical informa-
tion as to the target question, exploring implicit relevance of textual content.
(6) TCQR [32]: The model considers temporal characteristics to acquire the
expert’s expertise dynamically under the multi-shift and multi-resolution. (7)
NeRank [16]: NeRank constructs heterogeneous information network to learn
three representations of questions, raisers and answerers, and designs a convo-
lutional scoring function to calculate the ranking score. (8) UserEmb [9]: The
approach explores text and node similarity to model expert’s interest in social
network, which applies word2vec [6] to obtain semantic encoding of the question
and node2vec [10] for learning the node representation.
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4.2 Performance Comparison

Table 2 reports the results compared our model EMQR with above baselines on
six real-world datasets. We observe that the proposed model (EMQR) achieves
more excellent performance than all baselines, which demonstrates that our app-
roach can effectively recommend the most suitable expert for target question.

MRR metric in each dataset indicates a huge improvement for all baselines
in terms of the overall ranking performance.

Specifically, our model achieves 37.16% P@1 on History dataset, meaning
that around 37.16% of the results where correct candidate experts have 37.16%
probability to be ranked first, which is significantly better than 5.26% P@1 of
the best baseline method, RMRN.

In addition, EMQR outperforms the best baseline over P@3 metric on all
datasets, which demonstrates our proposed method can effectively recommend
the expert who provides the “accepted answer” when new question is raised.

From the comparison results of all baselines, we can also conclude as follows:
1) We observe that the models (RMRN, NeRank and EMQR) which capture the
interaction under the guidance of target question consistently outperform than
those not (Doc2Vec, CNTN, TCQR and UserEmb). The reason is the meth-
ods pay attention to capturing expert’s interest from historical records which
are more similar to target question under the finer granularity. 2) Our pro-
posal achieves obvious improvement compared to all baselines, since we integrate
vote score features into user expertise to achieve expert representation learning
for distinct expertise. EMQR describes expert’s ability to answer the questions
from different domains, while other methods don’t take vote score features into
account for question routing. For instance, RMRN discovers the latent relevance
of semantic information related to a new question over the historical records,
and NeRank recommends the expert which regards user ID as a personalized
characteristic in heterogeneous network. 3) We demonstrates that our proposed
EMQR based on multi-task framework improves the explainability of recom-
mended experts, which routes the questions to answerers with higher vote scores
in related domains.

4.3 Ablation Study

Since the vote scores play a critical role on modeling the user expertise, we
further study the effectiveness of score features in this section. We conduct an
ablation experiment in the absence of vote score features denoted as w/o Score.

As shown as in Table 3, removing score information obviously reduces the
model performance across three metrics, due to w/o Score variant is insufficient
to represent user’s expertise for question routing. The results indicate that our
modeling choice of score features for each question is appropriate to tackle the
expertise integration challenge involved in question routing task. In addition, we
can conclude that the vote score features have significant impact on modeling
expert representation.
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Table 2. Performances (%) of the baselines on six datasets.

Dataset | Print ‘ History ‘ Bioinformatics

Method | Metric
MRR |P@1 |P@3 |MRR |P@l1 '/ P@3 |MRR |P@l |P@3
Score 19.32 |10.67 | 19.36 |18.97 |6.411 |19.76 | 17.89 |10.23 |23.39

BM25 35.68 |18.72 |40.11 |25.91 |15.41 |26.74 |28.73 |15.16 |39.27

Doc2Vec | 39.77 119.62 |39.22 |28.43 |17.43 |29.87 |32.64 |18.13 |44.23

CNTN 47.32 129.11 |58.05 |39.31 |25.34 |43.05 |43.37 |25.31 |50.62

RMRN | 48.44 1 29.79 |59.57 |52.21 |33.51 |68.86 |44.44 |26.58 |53.16

TCQR 44.25 26.67 |51.11 |40.21 |27.37 |47.02 |39.46 |26.01 |43.18

NeRank |51.33 |31.65 | 59.37 |46.75 |27.73 | 56.67 |45.01 |28.11 |54.68

UserEmb | 36.39 |28.34 | 48.31 |40.39 |26.39 | 47.42 |37.89 |25.05 |43.03

EMQR | 52.96 35.17|60.09 | 55.59|37.16 | 69.11 | 47.96 | 33.28 | 58.23

Dataset | Al Biology English

Method | Metric
MRR |P@l1 |P@3 |MRR |P@1 | P@3 |MRR |P@l |P@3
Score 22.32 1 9.851 124.29 |19.73 |10.17 |13.76 |17.21 |7.761 |19.74

BM25 35.64 |15.47 |40.15 |27.12 |14.86 | 25.76 |20.13 |14.21 |28.77

Doc2Vec | 38.21 | 17.78 |43.32 |29.12 |16.08 |28.73 |23.26 |15.23 |29.46

CNTN 45.06 |27.78 |54.44 |33.58 |20.17 | 33.69 |29.68 |18.37 |36.39

RMRN |45.24 1 27.83 |62.22 |43.62 |24.53 | 55.62 |46.77 |25.22 |61.62

TCQR 41.96 |27.78 |45.59 |39.62 |24.06 |44.22 |34.25 |19.27 |49.87

NeRank |49.89 1 33.03 |62.04 |41.71 |23.86 |47.61 |48.95 |27.16 |61.43

UserEmb | 41.01 |23.35 | 44.57 |32.23 |19.87 | 32.75 |31.73 |19.56 |42.36

EMQR ' 50.96 34.44|64.38 | 48.19|30.31 | 58.44 | 51.35 | 31.85|62.73

Table 3. Effectiveness of vote score features.

Dataset Print Biology Bioinformatics

Method Metric
MRR |P@1 |P@3 |MRR |P@l1 '/ P@3 |MRR |P@l |P@3

w/o Score | 37.99 |25.83 | 52.13 1 45.16 |27.49 |54.85 |40.15 |31.52 | 53.80

EMQR |52.96 35.17|60.09 | 48.19 | 30.31|58.44 | 47.96 | 33.28 | 58.23
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Fig. 2. The impact of hyper-parameter.

4.4 Parameter Sensitivity Analysis

To investigate the impact of auxiliary task on the performance of EMQR, in
this section, we conduct parameter sensitivity analysis for the hyper-parameter
M. Figure2 shows the results of hyper-parameter experiment with the auxil-
iary weight A ranging from 0.1 to 0.9 in Bioinformatics and Print datasets. As
shown in Fig. 2, we observe that the performance continues to improve with the
increase of auxiliary weight. If the auxiliary weight exceeds a turning point, the
performance begins to decrease gradually due to the over fitting. For example,
the performance of Bioinformatics dataset starts to decline when the auxiliary
weight is greater than 0.5. And the results in Print dataset indicate EMQR
performance achieves the best when the auxiliary weight is set to 0.7.

4.5 Case Study

In order to verify that EMQR can enhance the explainability of question routing,
we show a case study about experts receiving scores for the “accepted answer”.
We randomly select several questions over three datasets (AI, Bioinformatics and
Biology), showing the title of question (i.e., Question), the answerer of question
(i.e., Answerer), the potential vote score predicted by Score Predictor (i.e., Score)
and the reception of answer (i.e., Reception) in Table4. Each question receives
numerous answers provided by the experts from different fields, however, only
one candidate expert who acquires the higher score is accepted as the most
suitable expert. From the results, we can observe that the experts obtaining
higher scores are respectively recommended to target questions. For instance, the
question “why is turner syndrome a problem?” in Biology dataset is separately
answered by the Answerer ¢ and the Answerer d. And the answer provided by the
former gains 6 points with a higher score, while the answer of the latter receives 4
points with a lower score. Hence, our proposed EMQR not only precisely routes
questions to the experts, but also makes the routing results explainable in CQA
websites.
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Table 4. The case study of vote scores with respect to the “accepted answer” in
different datasets.

Dataset Question Answerer | Score | Reception

Al is fuzzy logic invalid? a 4 Accepted
b 1 No

Biology why is turner syndrome a problem? | c 6 Accepted
d 4 No

Bioinformatics | cds length for each human gene? e 4 Accepted
f 0 No

what does pca mean on gwas? g 3 Accepted

h 2 dejkfvcNo

5 Conclusion

In this paper, we propose an expertise-oriented explainable question routing
model with a multi-task framework, EMQR, which can precisely recommend
suitable experts for questions in CQA websites. Our approach learns the expert
representation by combining semantic information and score characteristics,
which reflects the expert’s interest and expertise for answering different ques-
tions. Afterwards, we leverage the multi-task framework to realize expert pre-
diction and potential vote score prediction, which could route target question
to the most suitable expert and provide the reason why routing. Compared to
existing state-of-art methods, the proposed EMQR achieves more remarkable
performance in extensive experiments and enhances the explainability of ques-
tion routing.
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