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ABSTRACT

In this paper, we introduce the concept of question temporal-
ity as a measure of the usefulness of the answers provided on
the questions asked in the Question Answering sites (QA).
We define question temporality based on when the answers
provided on the questions would expire. We use classifica-
tion methods to show that the question temporality can be
assessed automatically. Our regression analysis highlights
features that predict temporality of the questions. Our re-
search can be instructive for interface designers to design
temporality-aware interfaces and influence selection of ques-
tions and answers for display.
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INTRODUCTION

In this paper, we introduce the concept of question temporal-
ity as a measure of the usefulness of the answers provided on
the questions asked in the Question Answering sites (QA) and
propose Machine Learning methods to automatically identify
question temporality. We define a question’s temporality as
how soon the answers to that question are likely to expire or
become obsolete. We illustrate this point using an example.

EXAMPLE 1. Consider the question-answer exchange
presented in Figure 1, where a user is inquiring about the day
and the date of occurrence of Thanksgiving. Even though the
question asker has not specifically mentioned the year, it can
be inferred that the asker is interested in knowing the date of
Thanksgiving in the year 2007 based on the date the question
was asked. The answer that was judged as the best answer
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What day/date is thanksgiving?

4 years ago

User 1

Best Answer - Chosen by Voters

__|'|LII'E.C|‘:1_'.,-'. Movember 22nd-Can't wait!

100% 1 Vote

L 2 people rated this as good

Figure 1. A question-answer thread taken from Yahoo Answers.

rightly points out that Thanksgiving would occur on Novem-

ber 22", which was correct in 2007. Even though the answer
is labeled as the best answer, it is no longer correct in the year
2011. This is because the date of Thanksgiving changes every
year. The question is temporal and its answers thus become
outdated after some time, a few months in this case. We can
envision scenarios in which the outdated information can lead
to serious negative consequences when a person is acting on
the advice provided on a question like - whether a particular
company'’s stock is overvalued, where to travel to see the next
eclipse, or what hours a particular store is open.

Applications

Identification of question temporality can improve the use
of question-answering sites in several ways. First, it can
help sites and search engines in weeding out outdated con-
tent. A major purpose of QA sites is to provide information
that would not otherwise be available online. While internal
mechanisms such as “best answer” awards can help identify
whether the information provided was good at the time, tem-
porality can help determine whether older answers are likely
to have retained their value months or years later'. An un-
derstanding of how long a question’s answers are likely to
be valid could also enable different archiving strategies of
question-answer threads [4].

Second, QA sites could better handle the phenomenon of
duplicate question-asking if they were temporality-aware.
When a user presents a question that has been asked and an-
swered before, many QA sites treat this as a user error and

Tt would also be useful to be able to identify the temporality of
each answer to a question; while such work would be an interesting
follow-on study, it is beyond the scope of this work.



proceed to present prior answers to the user. For many ques-
tions, this behavior may be correct, but for questions with
short-lived answers, it provides an annoying and unwanted
experience. Consider the real-world example of questions re-
garding immigration and visa rules. Old answers are almost
always unsatisfactory and misleading due to frequent changes
in visa rules. QA communities can benefit by automatically
flagging old answers, requesting updated information, or pro-
viding tools to help the community do so.

Third, temporal analysis of questions could result in more
useful lists of open and answered questions. Recent work
by Kulkarni et al. [5] suggests that some web queries are
also strongly influenced by time. As a result it is more appro-
priate to alter search result rankings based on time in order
to present higher quality ranked lists. We draw a parallel in
the QA domain where question presentation can be altered
based on the temporal nature of the questions. For e.g. a
question whose answer expires everyday (such as How is the
weather in Seattle?) can be displayed on the main page more
frequently than questions which have a longer life. Answers
on some questions expire faster than others, e.g., How is the
weather in Seattle? vs When is Thanksgiving? We don’t pro-
pose to know the right strategy for factoring temporality into
QA displays, but only by first establishing temporality can
these interfaces be explored.

Finally, identification of question temporality can provide
deeper insights into how questions can be altered to increase
their longevity. Improving the usefulness of questions an-
swered is a major goal of ours. Consider again the Thanks-
giving example. The way this question has been posed, the
answers are likely to expire within a year. If we modify the
question slightly to read: What day/date is Thanksgiving in
the year 20077, correct answers never expire. The exam-
ple highlights that a question’s temporality can be altered by
binding it with specific time reference; resulting in greater
archivability (and potentially greater usefulness in document-
ing history). E.g. Who won last Thursday on American Idol?,
can be improved automatically by adding date binding to read
Who won May 10, 2011 in American Idol? We’re not propos-
ing simplistically adding time bindings to all questions (many
would produce little value and simply be annoying to users),
but for questions with potential long-term value, the approach
seems promising.

Our Approach

We propose 4 temporal categories based on how soon the an-
swers are likely to expire on any given question. These tem-
poral categories range from short-duration (questions whose
answers can expire within weeks) to permanent (questions
whose answers never expire). To separate questions where
temporality doesn’t apply, we also propose an other category.
We use the 5 category taxonomy to label a set of 100 ques-
tions taken randomly from Yahoo Answers. The 5-category
taxonomy allows us the flexibility to group categories to-
gether depending on the objective of our classification. We
then identified and extracted the key features that we thought
would help in identifying their temporality. We use the ex-
tracted features to run Machine Learning models to show that

the temporality of the questions can be estimated automat-
ically with promising precision. We further run regression
analysis to identify the features that are most effective in iden-
tifying question temporality.

QUESTION TEMPORALITY

We define question temporality as a measure of how long
the answers provided on a question are expected to be valu-
able. The Thanksgiving example shows that the answers on
it would be valid for up to a year, depending on when the
question was asked. On the other hand consider the ques-
tion: Which is the largest country in the world?. The answers
for this question can be expected to be valid for several years,
though likely not permanently. In contrast, answers to a ques-
tion that asks about the weather of a certain place, e.g., Is it
raining in Seattle?, are expected to expire within a few hours.
The examples provided here are representative of the factual
questions on actual QA sites.

Category 1: Permanent

The answers on these questions do not expire. Generally
these questions directly or indirectly specify a specific time
frame or they are permanent factual questions. A factual
question can be of the kind What is the chemical symbol for
Gold? In a time-specified frame question, the time frame can
simply be a year, or a past dated event. E.g. Who was the US
president in 19572, When did World War II happen? We can
modify our Thanksgiving example such that it can belong to
this category by adding a time reference: What day/date is
Thanksgiving in year 2007?

Category 2: Long-Duration

Long-duration questions are those whose answers do not
change often. The answers are expected to change every few
years or decades. Questions that fit this category are: Which
is the largest country in the world?, Which is the oldest mam-
mal found by archaeologists?, How many planets are there in
the solar system?

Category 3: Medium-Duration

Answers to medium-duration questions are expected to be-
come invalid within a few months to a few years. The Thanks-
giving question presented above fits this category. Other ex-
amples of questions in this category are: Who's the mayor of
Washington DC?, What is the fastest CPU in the market to
buy?

Category 4: Short-Duration

Short-duration questions are those whose answers are ex-
pected to expire in less than few months. Some examples of
questions that belong to this category are: How is the weather
in Seattle?, What is the most recent House episode?

Additionally, we introduce Category 0: Other to cover all
questions where temporality does not apply.

Category 0: Other

Questions that do not fit any other category such as non-
factual questions, opinion questions, advice questions are put
in this category. Questions such as Do you like Brad Pitt?,



What is better Coke or Pepsi? belong to this category. Ad-
ditionally, future directed questions that are open for specu-
lation belong to this category, e.g., Who will be nominated as
the best actress in Oscar 20127

With only 100 questions, most of our analysis could not make
full use of our category set. Based on our goal of identifying
questions where the answers are not likely to remain useful
for long, we make a binary distinction between Categories 3
and 4 (short- and medium-duration temporal questions) and
all the other categories. Most of our results report on our
efforts to identify these Category 3 and 4 (strongly temporal)
questions.

EXPERIMENTAL DESIGN

Dataset

We sampled 100 questions randomly from the main page of
Yahoo Answers over a period of one week. The sampled
questions contained 10.59 words on average and a total of
448 words. The word frequency distribution follows a power
law [1], indicating that the selected dataset captures the char-
acteristics that occur naturally in online social systems.

Survey Design

The first screen of the survey provided details of the 5 cate-
gories along with example questions as described above. Sub-
sequent screens would show 100 questions? one by one and
provide check box to select only of the above 5 categories.
A user could also select a “not sure” button and move to the
next question. The order in which the 100 questions were
presented was also randomized.

Survey Takers

We asked Computer Science graduate and undergraduate stu-
dents to take the survey. Overall 8 students took the survey.
The inter-rater agreement between the raters was 0.22 (Fleiss
kappa, error = 0.009 p < 0.01 with 95% CI). The agreement
between the raters was not accidental and is considered to be
satisfactory agreement. Moreover, when computed based on
our binary classification (strongly temporal vs. not), inter-
rater agreement is 0.88 which is very strong agreement (and
which illustrates that most disagreement was over which cat-
egory within high-temporal or not should be used).

Survey Results

We need a measure to combine the eight user ratings to com-
pute the categories of the questions. The most commonly
used strategy of taking the mean does not work since the
ratings are categorical. As a result we consider the major-
ity rating strategy: As per this strategy, we assign a cate-
gory to the question based upon the majority votes (out of
8). We break the ties randomly (5/100 had 2-way ties and
only 1 question had a 3-way tie). Figure 2 shows the fre-
quency distribution of question’ being assigned to each of the
5 categories. It shows that 47 question exhibit temporality and
among those 47 questions, 17 are short-duration and medium-
duration questions. It is these 17 strongly temporal questions
that we attempt to identify automatically.

*We only showed the questions and not the answers provided on
those questions.
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Figure 2. Frequency distribution of the questions per category.

CLASSIFICATION METHODOLOGY

We combine short- and medium-duration temporal questions
as class 1 (17 questions) and all other questions as class 0
(83 questions). Note that the categories are combined as per-
forming multi-way classification over a small dataset would
not be effective. This binary separation enables us in answer-
ing the question: Can we automatically separate questions
which would likely expire “soon” from those more likely to
remain valid for years or longer?

Question Features

We consider a question as a vector of words (after remov-
ing stop words and special symbols like ?, !, *, etc). Then
we computed the tf/idf score for the question vector, which
were used as question features. Additionally, we considered
several other features such as Does the question reference a
specific time (e.g. date, month)?, Is the referenced time fixed
or relative (ago, after, before, today, tomorrow)?, Does it ref-
erence a date in past?, Does it reference a date in future?, Is
the tense of question past tense? These features along with
the tf/idf scores were used to build a feature vector per ques-
tion, which is then used for question classification.

Classification Method

We considered several state-of-art classification algorithms
(such as Support Vector Machines, Decision Trees, Ada
Boost, Naive Bayes, Gaussian discriminant Analysis). Ada
Boost [3] which is an ensemble algorithm consistently per-
formed better than other algorithms. We ran our experiments
using 10-fold cross validation and report the aggregate accu-
racy over the 10 folds.

RESULTS

Identifying Strongly Temporal Questions

Table 1 shows the performance results of the model in iden-
tifying short- and medium-duration questions (class 1) from
the rest of the questions. It shows that we can automatically

Precision | Recall | F1
Class 1 (Category 3,4) 0.70 0.41 | 0.52
Class 0 (Category 0, 1, 2) 0.89 0.96 | 0.92

Table 1. Performance of Ada Boost model in distinguishing strongly
temporal questions from other types.




identify 41% of class 1 questions (7/17). It also signifies that
of all the questions called out by the model as temporal, 70%
are short- or medium-duration temporal. Overall the result
shows promise for automatic detection of question temporal-

ity.

Identifying Features of Strongly Temporal Questions

We run ridge regression [6] using binary class as the output
variable. The R2 of the fitted distribution is 0.83 which indi-
cates that the extracted features provide a good linear fit over
the ratings (error = 0.2). Table 2 shows features with the
highest and lowest weights found using ridge regression. The
highest weight features are indicators of question temporality
and alternately the lowest weight features are indicators of the
non-temporality of the questions. We can see that words such
as what, who, current, etc or presence of a relative time indi-
cates that a question is strongly temporal. Indeed we found
short-duration temporal questions such as What is the current
weather/temperature in San Diego, CA?, How much has the
price of gas gone up in the past 5 months? containing these
features.

On the other hand questions from our dataset such as When
was Super Bowl XLV played in 2011?, Who was the first US
president to visit the Soviet Union? indicate that indeed the
features such as when, was, fixed time, etc are indicator of
permanence of the questions. The words such as likely are
indicator of opinion questions (e.g. who is likely to be Vikings
gb this upcoming NFL season?) and the questions containing
it are considered non-temporal (category 0).

These features and their corresponding weights can be used
to automatically detect question temporality class. The re-
gression analysis can be used along with classification model
to detect temporal questions.

Type Features

Class 1 what (0.12), who (0.07), current
(0.08), recent (0.11), today (0.11),
does (0.06), during (0.06), Relative
time (0.11)

Class 0 when (—0.09), was (—0.09), worst

(—0.06), which (—0.06), this
(—0.04), likely (—0.06), Fixed
time (—0.06), Ordinal Number
(—0.07)

Table 2. Features (and their weights) that are most indicative of tempo-
rality or non-temporality of the questions.

RELATED WORK

Content temporality has been extensively studied in the con-
text of web queries. Zhang et al. [7] analyzed query volume
at Yahoo to detect time sensitive queries, based on which
queries are accompanied by year, and proposed a ranking
method for web results for the time sensitive queries. Dakka
et al. [2] presented a framework for handling time sensitive
queries and identifying the important time intervals that might
be interesting for a given query. They ran their experiments
on news articles to show that temporality aspect of a docu-
ment is an important aspect during ranking of web results.

Recently, Kulkarni et al. [5] considered query popularity
over time to re-rank web results and understand the user in-
tent while keeping in perspective the temporally evolving web
pages. Our work compliments prior work in several ways. We
posit that question temporality can be useful in ranking of QA
data. We also show how questions can be slightly modified
to change the question’s temporality class. We demonstrate
that question temporality can be automatically detected from
simple features extracted from question text.

CONCLUSION

In this paper, we propose a novel concept of question tem-
porality in QA communities. We argue that the detection of
question temporality would benefit search engines and allows
QA providers to explore interesting interface design choices
towards providing better user experience. It also leads to-
wards developing deeper insights into how questions can be
altered to increase their longevity.

Our results show that question temporality can be satisfac-
torily detected automatically using question vocabulary and
other simple features. Our results indicate that features such
as relative time (e.g. today, tomorrow, ago, etc) or words such
as what, who, etc can be used to successfully estimate the
temporal questions. We propose using classification as well
as regression models to build a confidence score about the
temporality of the questions.

This paper focuses on introducing question temporality and
showing that it can be estimated effectively. As part of future
work, we would like to explore other features that could help
improve the classification performance. We also aim at apply-
ing some of the ideas presented in this paper in a real world
QA system and measuring the effectiveness of their applica-
tion towards improving user interaction.
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