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ABSTRACT 
Many artificial intelligence tasks, such as automated question 
answering, reasoning or heterogeneous database integration, 
involve verification of a semantic category (e.g. “coffee” is a 
drink, “red” is a color, while “steak” is not a drink and “big” is 
not a color). We present a novel algorithm to automatically 
validate a semantic category. Contrary to the methods suggested 
earlier, our approach does not rely on any manually codified 
knowledge but instead capitalizes on the diversity of topics and 
word usage on the World Wide Web. We have tested our 
approach within our online fact-seeking (question answering) 
environment. When tested on the TREC questions that expect the 
answer to belong to a specific semantic category, our approach 
has improved the accuracy by up to 14% depending on the model 
and metrics used.   

Categories and Subject Descriptors 
 H.3.3 [Information Storage and Retrieval] Information Search 
and Retrieval, Retrieval models 

General Terms 
Algorithms  
Keywords 
artificial intelligence, online search engines, question answering  

1. INTRODUCTION 
Many artificial intelligence tasks involve automated verification 
of a semantic category. For example, the correct answer to the 
question What soft drink has most caffeine? should belong to the 
category “soft drink.” Automated integration of several 
heterogeneous databases may require matching an attribute in one 
database that has such values as red, green, and purple to an 
attribute called “color” in another database.  Although our work 
presented in this paper was motivated by the more general task of 
semantic verification, we were specifically interested in its  

 

applications to online fact seeking, which is sometimes referred as  
open-corpus/open-domain question answering. The goal of 
Question Answering (QA) is to locate, extract, and represent a 
specific answer to a user question expressed in a natural language. 
Prior studies [21] have indicated that the current WWW search 
engines, especially those with very large indexes like Google, 
offers a very promising source for open domain question 
answering.  
Answers to many natural language questions are expected to 
belong to a certain semantic category, e.g. What color is the sky? 
Those questions prove to be difficult for the current QA systems 
since the correct answer is not guaranteed to be found in an 
explicit form such as in the sentence The color of the sky is blue, 
but rather may need to be extracted from a sentence answering it 
implicitely, e.g. such as I saw a vast blue sky above me, in which 
a wrong answer “vast” has grammatically the same role as the 
correct answer “blue”, and represents a property of the sky. 
However, vast refers to size, while we are expecting a color.    
The currently popular approach to solving this “semantic” 
matching problem is through developing an extensive taxonomy 
of possible semantic categories [10]. This requires the anticipation 
of all possible questions and, hence, substantial manual effort. 
Moreover, although this approach works relatively well with more 
common categories (e.g. cities, countries, organizations, writers, 
musicians, etc.), handling more rare categories (e.g. as in 
questions like What was the name of the first Russian astronaut to 
do a spacewalk? or What soft drink contains the largest amount of 
caffeine?) is still a challenge. 
In this paper, we explore completely automated on-fly 
verification of a membership in a previously unanticipated 
category. Although, our algorithm can be used inside any other 
system, we have implemented and empirically evaluated it within 
our fact seeking engine, which has been available in a demo 
version online [24]. Our inspection of the 1000+ search sessions 
recorded by our demo reveals that approximately 20% of 
questions have answers that are expected to belong to a specific 
semantic category, thus such systems can certainly benefit from 
semantic verification. The performance of our system was 
evaluated earlier  [24] and found to be comparable with state-of-
the-art QA systems, e.g. [6], that are based on redundancy, rather 
than on extensive manually codified knowledge, e.g. elaborate 
ontologies or rules for deep grammar parsing. Contrary to the 
“knowledge-heavy” commercial systems, our system is entirely 
transparent: all the involved algorithms are described in prior 
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publications, and thus, can be replicated by other researchers. In 
this paper, we go past purely heuristic testing and build a model 
based on a logistic regression. We also explore in details 1) what 
variables contribute to the accuracy of answers, 2) what 
normalizing transformations are beneficial, and 3) what are the 
possible ranges of improvements. The rest of the paper is 
organized as follows. The next section reviews related work. 
Section 3 presents the description of our system followed by its 
empirical evaluation in section 4, and our conclusions. 

2. PRIOR WORK 
2.1 Closed Corpus Question Answering 
The National Institute of Standards (NIST) has been organizing 
the annual Text Retrieval Conference (TREC) [27] since 1992, in 
which researchers and commercial companies compete in 
document retrieval and question answering tasks. The 
participating systems have to identify exact answers to so-called 
factual questions (or factoids), such as who, when, where, what, 
etc., list questions (What companies manufacture rod hockey 
games?) and definitions (What is bulimia?). In order to answer 
questions, a typical TREC QA system would: (a) transform the 
user query into a form it can use to search for relevant documents 
(web pages), (b) identify the relevant passages within the 
retrieved documents that may provide the answer to the question, 
and (c) identify the most promising candidate answers from the 
relevant passages. Most of the QA systems at TREC are designed 
based on techniques from natural language processing (NLP), 
information retrieval (IR), and computational linguistics (CL). For 
example, Falcon [10], one of the most successful QA systems, is 
based on a pre-built hierarchy of dozens of semantic types of 
expected answers (person, place, profession, date, etc.), complete 
syntactic parsing of all potential answer sources, and automated 
theorem proving to validate the answers. 
In contrast to the NLP-based approaches, “shallow” approaches 
that use only simple pattern matching have recently been tried 
with good level of success. For example, the system from 
InsightSoft [26] won the 1st place in 2002 and the 2nd place in 
2001 TREC competitions. The “knowledge-light” systems based 
on simple pattern matching and redundancy (repetitions of the 
answer on the Web), such as [6], also scored comparably. 
Both NLP-based approaches and those that require elaborate 
manually created patterns have a strong advantage: they can be 
applied to smaller collections (e.g. corporate repositories) and still 
provide good performance. However, none of the known top 
performing systems has been made publicly open to the other 
researches for follow up investigations because of expensive 
knowledge engineering is required to build such systems and the 
related intellectual property issues, none of the known top 
performing systems has been made publicly open to the other 
researches for follow up investigations. As result, it is still not 
known what components are crucial and how well certain 
approaches would extend outside of the TREC test sets.   
At the same time, the algorithms behind some of the systems that 
do not require extensive knowledge engineering, but still 
demonstrate reasonable performance, have been made freely 
available to public.  We believe that from a research perspective, 
those systems and the approaches behind them are by no means 
less interesting than the top commercial systems. At the moment, 
only the former allow replication and independent testing by other 

researchers. Some of those systems are mentioned in the next 
section. 

2.2 Web Question Answering 
There are several important distinctions between QA from a 
closed corpus and QA from the entire Web:  
1) Typically, the Web has a much larger variety in the answers 
that it presents. This allows the Web-based fact seeking systems 
to look for answers in the most simple forms (e.g. Sky is blue), 
which makes the task easier at times. 
2) The users of the Web fact seeking engines do not necessary 
need the answers to be extracted precisely. In fact, we personally 
observed from the interaction with practitioners that they prefer to 
read the answer within its context to verify that the source is 
credible.   
3) Web fact seeking engines need to be quick, while TREC 
competition does not impose any real time constraints. This 
places an emphasis on simple and computationally efficient 
algorithms and implementations such as simple pattern matching 
as opposed to “deep” linguistic analysis. 
Web question answering has a history of development. START 
[2] was one of the first QA systems available online since 1993. It 
was primarily focused on encyclopedic questions (e.g. about 
geography) and used a precompiled knowledge base. Prior 
evaluation of START [2] indicated that its knowledge is rather 
limited, e.g., it fails on many questions from the standard test sets 
(detailed below).  
Mulder [1] was the first general-purpose, fully-automated QA 
system available on the web. It worked by querying a general 
purpose search engine (Google or MSN), then retrieving and 
analyzing the web pages returned from the queries to select 
answers. When evaluated by its designers on TREC questions, 
Mulder outperformed AskJeeves and Google by a large margin. 
Unfortunately, Mulder is no longer available on the Web as a 
demo or for download for a comparative evaluation. 
In their prototype called Tritus, Agichtein et al. [1] introduced a 
method for learning query transformations that improves the 
ability to use web search engines to answer questions. Blind 
evaluation of this system on a set of real queries from a web 
search engine log showed that the method significantly 
outperformed the underlying web search engines as well as a 
commercial search engine specializing in question answering. 
Tritus is also not available online. 
A relatively complete, general-purpose, web-based QA system, 
called NSIR, was presented in [22]. Dumais et al. [6] presented 
another open-domain Web QA system that applies simple 
combinatorial permutations of words (so called “re-writes”) to the 
snippets returned by Google and a set of 15 handcrafted rules 
(semantic filters) to achieve a remarkable accuracy on the TREC 
test set: Mean Reciprocal Rank (MRR) of 0.507, which can be 
roughly interpreted as “on the average” the correct answer being 
the second answer found by the system. This was only 20-30% 
below of the accuracy of the best knowledge-heavy systems and 
still within top 20% participating systems. The authors’ 
experiments also indicated that semantic filtering was the 
component that had the greatest impact on the overall 
performance of the system, even though it was limited to only a 
few categories (people, places, dates, numbers, etc.) 
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2.3 Data Driven Semantic Verification 
To avoid laborious creation of large knowledge bases (e.g. 
ontologies), researchers have been actively trying automated or 
semi-automated data driven techniques. The idea to count number 
of matches to certain simple patterns (e.g. “colors such as red, 
blue or green; soft-drinks , including pepsi and sprite” etc.) in 
order  to automatically discover hyponym relationships was first 
introduced by Hearst [17] and tested on Grolier’s American 
Academic Encyclopedia using WordNet as gold standard.  The 
variations of the idea of Hearst's patterns has been adopted by 
other researchers: in specific domains [11], for anaphora 
resolution [16], for discovery of part-of [8] and causation [20] 
relations. Those approaches are known for a relatively high 
(50%+) precision but a very low recall due to the fact that the 
occurrence of patterns in a closed corpora are typically rare. To 
overcome the data sparseness problem, researchers resorted to the 
World Wide Web: Hearst patterns are searched for using the 
Google API for the purpose of anaphoric resolution in [12],  
enriching a given ontology in [7]. [19] and [18] used the Google 
API to match Hearst-like patterns on the Web in order to find the 
best concept for an unknown instance. Still, none of the methods 
mentioned above provides a probabilistic verification of a 
membership in a previously non-anticipated semantic category, 
which is necessary for question answering and is the focus of 
investigation here. 
Somewhat similar to the methods and the purpose described here 
are the approaches within KnowItAll project [5][9], which 
automatically collects thousands of relationships, including the 
hyponymic  ones, from the Web. With KnowItAll project Etzioni 
et al. developed a probabilistic model by building on the classic 
balls-and-urns problem from combinatorics. They established that 
the urns model outperforms those based on pointwise mutual 
information (PMI) metrics used earlier within KnowItAll [5][9]  
or by other researchers. However, the model provides the estimate 
of the probability of the categorical membership only in the case 
of supervised learning (anticipated and manually labeled 
categories), but only rank-ordering in the unsupervised case (not 
a pre-anticipated category). The rank ordering was evaluated by 
recall and precision, and only on  four relations: 
Corporations, Countries, CEO of a company, and 
Capital Of a Country, while for the purpose studies here 
(question answering) a much wider variation of categories is 
typically encountered.  Schlobach et al. [25] studied semantic 
verification for a larger number of categories, but still limited to 
the domain of geography and, also by empowering pattern 
matching statistics by knowledge intensive methods. 

3. SYSTEM OVERVIEW 
This section briefly overviews the principles behind our QA 
system used in the studies reported in this paper. The complete 
details of the entire QA system, including its pattern discovery 
and triangulation algorithms,  can be found elsewhere [24]. They 
are not essential for the replication of our study reported here. The 
full details of our semantic verification algorithm, which are 
essential for replication,  are presented in the next section.        
The general idea behind our approach (like many others) is to 
apply pattern matching and take advantage of the redundancy 
(repeating of the same information) on the web. For example, the 
answer to the question “What is the capital of Taiwan?” can be 
found in the sentence “The capital of Taiwan is Taipei.”, which 

matches a pattern \Q is \A, where \Q is the question part (“The 
capital of Taiwan”) and \A = “Taipei” is the text that forms a 
candidate answer. To our knowledge, the trainable pattern 
approach was first introduced in Ravichandran and Hovy [23]. 
We automatically create and train up to 50 patterns for each 
question type (such as what is, what was, where is, how far, how 
many, how big etc.), based on a training data set consisting of 
open domain QA pairs, e.g. those available from past TREC 
conferences [27]. Through training, each pattern is assigned a 
probability that the matching text contains the correct answer. 
This probability is used in the triangulation 
(confirming/disconfirming) process that re-ranks candidate 
answers. \A, \Q, \T, \p (punctuation mark), \s (sentence 
beginning), \V (verb) and * (a wildcard that matches any words) 
are the only special symbols used in our pattern language so far, 
but it is easily extensible. 
Answering the question “In which city is Eiffel Tower located?” 
illustrates our question answering process step by step: 

Type identification: The question itself matches the pattern in 
which \T is \Q \V, where \T = “city” is the semantic category of 
the expected answer, \Q = “Eiffel Tower” is the so called question 
part (sometimes referred as “target” or “focus”) , and \V = 
“located” is a verb. In order to correctly identify the question 
type and its components, the system uses the freely available 
trainable Part Of Speech (POS) tagger [3]. It applies it to the 
questions only, but not to the answer sources. 

Query Modulation (QM): QM converts each answer 
pattern (e.g., \Q is \V in \A) into a query for a General 
Purpose Search Engine (GPSE). For example, the Google 
query would be +“Eiffel Tower is located in”. 
Answer Matching: The sentence “Eiffel Tower is located in the 
centre of Paris, the capital of France” would result in a match 
and create a candidate answer “the center of Paris, the capital of 
France” with a corresponding probability of containing a correct 
answer (i.e. 0.5) obtained previously for each pattern by training.  

Answer Detailing (AD): AD produces more candidate answers 
by forming sub-phrases from the original candidate answers that: 
1) do not exceed three words (not counting “stop words” such as 
a, the, in, on) 2) do not cross punctuation marks 3) do not start or 
end with stop words. In our example, these would be: centre, 
Paris, capital, France, center of Paris, capital of France. 
If there are fewer than expected candidate answers found (e.g. 
200), the algorithm resorts to a “fall back” approach as in [6]; it 
creates candidate answers from each sentence of the snippets 
returned by the search engine (Google), and applies answer 
detailing to those answers. If there are still not enough candidates, 
the system automatically relaxes the modulated query by 
removing the most frequent words first until enough pages are 
returned by the engine. Thus, this method reduces a question such 
as “Who still makes rod hockey games?” to “Who makes rod 
hockey?” 
Semantic Adjustment: We do not use an extensive hierarchy of 
question types organized by the expected semantic category of an 
answer (e.g. person, celebrity, organization, city, state, etc.).  
Rather, we use a small set of independently considered semantic 
boolean (yes/no) features of candidate answers: is number, is 
date, is year, is location, is person name and is proper name.  
Although not perfectly accurate, those features are detected by 
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matching simple hand-crafted regular expressions. Depending on 
the expected semantic category of an answer, the presence or 
absence of those features results in applying any of approximately 
20 manually tuned discounts. 

Triangulation: The candidate answers are triangulated 
(confirmed or disconfirmed) against each other and then re-
ordered according to their final score. In essence, our 
triangulation algorithm promotes those candidate answers that are 
repeated the most. It eventually assigns a score sc in the [0,1] 
range which can be informally interpreted as the estimate of the 
probability of the candidate answer being correct.  These 
probabilities are independent in the sense that they do not 
necessarily add up to 1 across all the candidate answers, which we 
believe does not pose a problem since multiple correct answers 
are indeed possible. 

Semantic Verification: If the answer to a question is expected to 
belong to a certain semantic category (e.g. City), then candidate 
answers are re-ordered according to their semantic verification 
scores as detailed in the next section. 

4. AUTOMATED 
SEMANTIC VERIFICATION APPROACH 
4.1 Intuition behind the approach studied 
The intuition behind our approach to semantic verification is the 
following. If we need to answer a question What soft drink 
contains the largest amount of caffeine? then we expect a 
candidate answer (e.g. pepsi) to belong to a specific category (soft 
drink). This implies that one of the possible answers to the 
question What is pepsi? should be soft drink. We can ask this 
question automatically, perform the same necessary steps as 
outlined above, and check the certain number of top answers to 
see if they contain the desired category. Thus, in this paper, the 
automated question answering on the web is not only the 
application of semantic verification but it also serves as the 
technology behind it. 
We deliberately simplified the QA cycle inside our system when 
it is used for semantic verification in order to keep the process 
quick and the algorithms easier to replicate. The specific details of 
our QA system are not important for the semantic verification 
algorithm that is described here and can be easily replicated 
within any other QA system or even outside a QA system by just 
querying a commercial web search engine (e.g. Google) in a way 
explained below. 
We selected 16 most accurate patterns from those automatically 
identified and trained for “what is” type of a question. During 
semantic verification, instead of following the full QA process 
outlined above, for each candidate answer, our system queries the 
underlying web search engine only for the total number of pages 
that match the modulated query for each pattern. For example, 
“pepsi is a soft drink”, matches 127 pages from Google; “pepsi is 
a type of a soft drink” matches 0, etc. We denote the 
corresponding number of matches below as m1… m16, and the 
aggregate total number of matches is denoted as M. 

4.2 The role of semantic verification in the QA 
process 
The purpose of semantic verification is to estimate the probability 
of the given candidate answer to belong to the specified category. 

For example, since pepsi is a soft drink, that probability should be 
close to 1. In some less clear cases (e.g. mosquito is an animal) it 
can be further from 1. An informal interpretation of this 
probability may be the following: if we ask 100 people the 
question “Is mosquito an animal?”  and only 30 of them would 
answer “yes” then that probability would be .3. Since our 
approach draws on the aggregated opinions of all of the Web 
contributors, it may produce category memberships that are 
considered wrong according to formal taxonomies, but are still 
believed to be true due to common myths, misconceptions, or 
even jokes, which are frequently circulating on the Web. For 
example, a phrase “coffee is a soft drink” can be found in 7 pages, 
although, formally, it is not true. That is why we believe that it is 
important to aggregate across multiple pattern matches. We also 
believe it is important to consider the overall statistics of both the 
category and the candidate answer, for example,  the total 
numbers of web pages that contain them. Obviously, the more 
frequent candidate answers need to be demoted. We combine all 
these variables into one model that estimates the probability of 
membership in a given semantic category. If we denote this 
probability (score) as s, then the final score according to which 
the candidate answers are sorted before being presented to the 
user can be computed as: 

 sf = s ⋅ sc, 
where sc is the “initial score” (probability of being correct) of the 
candidate answer after all the processing steps (mentioned in the 
previous section) before our semantic verification is applied. This 
assumes that the evidence evaluated by semantic verification s is 
independent from the original score sc. We believe that this is a 
realistic assumption since the original score sc is primarily 
syntactic: it is based on the number of occurrences of the 
candidate answer within certain syntactic patterns trained as  
mentioned in section 3. Thus, we  assume that syntactic and 
semantic indicators of correctness are not highly correlated. We 
are leaving a more fine-grained model for future. At the moment, 
we are not aware of any more formal approaches to this problem. 
Heuristic combining scores from various modules in a 
multiplicative ways typical for the current state of the art QA 
systems [27].  As we wrote in the literature review, the prior 
research has not introduced any formal (e.g. probabilistic) models 
for semantic verification suitable for our purpose here. 

4.3 Building the predictive model 
First, we approached semantic verification as a classification 
problem. We were specifically interested in the probability 
estimates. In order to train the model, we created a labeled data 
set as following. We took all the 68 questions from TREC 2003 
set that specified the semantic category explicitly. We did not use 
any questions that only implied a certain semantic category. For 
example, “who is” question would typically imply a person. We 
run the questions through our QA system without semantic 
verification and manually labeled the correctness of the semantic 
category as true/false for top 30 candidate answers for each 
question. 
We developed a number of predictive models using binary 
logistic regression techniques to compute s. These models simply 
used different combinations of the following variables that, as we 
intuitively conjectured, may help to discriminate between the 
semantic match and mis-match:  
m1, m2, …,m16: match for each of the patterns,  
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M = m1 + m2 + …+ m16: total number of pattern matches, 
DFA: number of pages on the web containing the candidate 
answer (e.g. pepsi), 
DFC: number of pages on the web containing the expected 
category (e.g. soft drink), 
DFAC: number of web pages containing both the candidate answer 

(e.g. pepsi) and the expected category (e.g. soft drink).  
The intuition for this selection of variables is the following. 
Obviously, more frequent candidate answers would result in 
larger numbers of pattern matches simply due to chance (random 
co-occurrence), thus we would expect s to be a decreasing 
function of DFA. Our model also takes into consideration that 
some pairs of words frequently co-occur even if one of them is 
not a category of another, e.g. “cup of coffee” would match one of 
our patterns even when where is no underlying categorical 
relationship exists, while “city of Rome” would be a legitimate 
indication that Rome is a city. For this reason, we introduced 
DFAC  into the model. Finally, the model may benefit from DFC  
as a normalizing variable for m-s and  DFAC. 
Based on the observation that the distributions of the frequencies 
of occurrences (DFA, DFC) and co-occurrences (DFAC) typically 
look more uniform in the log space, we also explored the models 
that use natural logs of the variables M, DFA , DFC , and DFAC. 
Therefore, the complete set of variables studied in our models was 
the following: 
(m1, m2,…,m16, M, DFA, DFC, DFAC, log( M+1), log(DFA), 
log(DFC), log(DFAC). 
Since M was equal to 0 for many data points, we added 1 before 
taking a log to it being undetermined. The candidates with DFAC 
=0 were assigned s=0.  
Although this is not an exhaustive combination, in this study, we 
considered the following wide range of models: 

Model 0) s = const, or simply no semantic verification. 

Model 1) s = s(m1 ,m2,…,m16, DFA, DFC, DFAC): all original 
variables in their non-transformed form. 

Model 2) s = s(log( M+1), log(DFA), log(DFC), log(DFAC)): all 
variables are log-transformed, aggregate variable M is used 
instead of separate m-s. This model subsumes the metrics based 
on PMI studied earlier [5][9]. 

Model 3) s = s(m1, m2,…,m16, log(DFA), log(DFC), log(DFAC)): 
only the document frequencies are log-transformed (since they are 
typically much larger than m-s; m-s are not log transformed and 
used independently. 

Model 4) s = s(DFA, DFC, DFAC, log( M+1)): Only the total 
number of pattern matches is log-transformed, no separate m-s 
used. 

Model 5) s = s(DFA, DFC, log( M+1): same as 4 but without 
DFAC 

Model 6) s = s(DFAC, log( M+1): Only DFAC (co-occurrence) and 
log of M -- the simplest model. 
All of the models reported involve number of matches (m-s or M), 
because early in the study we found out that without them the 
performance was not statistically different from random guessing. 
It is still possible that without using patterns, and based on co-
occurrence statistics only, it would be still possible to build 
predictive models to improve the QA accuracy since the correct 
answer frequently co-occurs with the words from the question. 
However, in this study, we wanted to isolate the improvement due 
to semantic verification, thus we discarded the models that did not 
improve the classification accuracy directly.  
The numbers of pattern matches were obtained for top 30, 
according to initial score sc, candidates by sending a query to the 
underlying search engine (MSN). Although the queries were sent 
in parallel, the verification would have slowed the response of our 
system if it were used online. However, the real-time performance 
can be later addressed by having a previously indexed, 
sufficiently large corpus (e.g. TREC collections) or having direct 
access to the search engine index, which may be feasible when 
semantic verification module is an integral part of the web search 
portal or connected to it through a local (or otherwise fast) 
network. 

5. EMPIRICAL EVALUATION 
5.1 Data sets 
First, we approached semantic verification as a classification 
problem. We were specifically interested in the class membership 
probability estimates. In order to train the model, we created a 
labeled data set as following. We took all the 68 questions from 
TREC 2003 that specified the semantic category explicitly. We 
did not include any questions that only implied a certain semantic 
category, but not explicitly state it. For example, a question 
starting with “who is” would typically imply, the category of 
person (or organization). Similarly, our categories under 
investigation did not include locations (where) and dates (when). 
We run the questions through our QA system without semantic 
verification and manually labeled the correctness of the semantic 
category as true/false for top 30 candidate answers for each 
question of 68 questions. 
The target semantic category was identified by applying 4 simple 
regular expressions to the questions. For example, the regular 
expression "(What|Which) (.+) (do|does|did|is|was|are|were)" 
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Figure 1. ROC curve for predictive model 5. 
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would match a question “What tourist attractions are there in 
Reims?” and identify “tourist attraction” as a semantic category.   
For testing, we sought to find a set that we did not use before. We 
went back all the way to TREC 2000 and used all the 41 questions 
that explicitly specified semantic category of an expected answer 
-- same principle as we used for constructing our training set. 

5.2 Category Prediction 
Since the data set included disproportionate numbers of negative 
examples, In order to evaluate classification accuracy, we over-
sampled the positive cases (correct semantic category) to built a 
balanced data sample. Table 1 displays the classification accuracy 
of our models listed above. 
To test whether this classification improvement over that purely 
by chance is statistically significant, we examined the underlying 
ROC curves. For the lack of space, we display here the ROC 
curve for model 5 only (Figure 1).  All the models predict 
significantly better than chance. 
In order to compare models against each other we needed a 
specific application since some of them may be better at recall 
while others at precision, which results from the very well known 
trade-off between  Type I and Type II classification errors. For 
the same reason, the accuracy reported here can not be compared 
to any of the prior research. E.g. KnowItAll [5][9] evaluated 
accuracy based on the specially harvested data sets, while ours are 
coming from and an automated QA process. 

5.3 Improving Answering Accuracy 
We evaluated the impact of semantic verification on our online 
fact seeking (QA) system using the sets of questions and correct 
answer regular expressions from TREC competitions. Although 
various metrics have been explored by researchers in the past, we 
used mean (across all the questions) reciprocal rank of the first 
correct answer (MRR) as our primary metric. E.g. if the first 
answer is correct, the reciprocal rank is 1. If only the second is 
correct, then it is ½, etc. The drawback of this metric is that it is 
not the most sensitive because it only considers the first correct 
answer, ignoring what follows. For this reason, we also used 
mean total reciprocal rank of the correct answers (TRDR). It 
aggregates the reciprocal ranks of all the correct answers, e.g., if 
the second and the third are the only correct ones, it would be 

equal to 1/2 + 1/3. We did not use the “degree of support” of the 
answer within the document as part of the metric due to its known 
difficulty [15], and, thus, only checked if the answer was correct, 
which is sometimes called “lenient” evaluation, to which the 
concerns of Lin et al. [15] do not apply. 
First,  we computed the baseline performance, which 
corresponded to the model 0: no semantic verification. The 
resulting MRR was 0.442.  Next, we estimated what was the 
maximum possible range of the improvement and computed the 
“would be” performance if our semantic verification were perfect. 
Thus, our “Oracle” returned 1 as semantic verification score if the 
candidate answer belonged to the required category and 0 
otherwise. This resulted in MRR and TRDR of 0.580, and 0.956 
respectively. The total proportion of questions that had a correct 
answer within a set of the candidate answers was 0.65. The loss in 
accuracy from .65 to 0.58 is explained by the existence of the 
highly scoring candidate answers that belonged to the required 
category but were nevertheless wrong (E.g. What is the color of 
the sky? – orange). By inspecting the logs we observed that there 
are two reasons why the improvement was limited: 1) the correct 
answer already dominates other candidate answers even without 
semantic verification 2) the correct answer was not even in set of 
candidate answers. To test how much our classification improves 
the performance, we compared the MRR and TRDR values form 

Table 1. Classification accuracy of predicting 
membership in a given semantic category. “0” means wrong 

category, “1” means correct category. 
 

Model Observed 
Category: 

Predicted Category correct 
(%) 

 0 1  

0 4938 118 97.7 

1 2899 2028 41.2 

 
 

1 

Overall   69.8 

0 4144 912 82.0 

1 1924 3003 60.9 

 
2 

Overall   71.6 

0 4356 700 86.2 

1 2444 2483 50.4 

 
3 

Overall   68.5 

0 4568 488 90.3 

1 2262 2665 54.1 

 
4 

Overall   72.5 

0 4569 487 90.4 

1 2262 2665 54.1 

 
5 

Overall   72.5 

0 4506 550 89.1 

1 2340 2587 52.5 

 
6 

Overall   71.1 

 

Table 2. Models performance on the training set. ** and * 
indicate statistical significance at the levels .05 and 0.1 

accordingly. 

Model MRR TRDR Improvement over Baseline 

   MRR TDRR 

0 (base) 0.442 0.580 - - 

1 0.455 0.618 +2.94%* +6.55%* 

2 0.447 0.620 +1.13% +6.90% 

3 0.388 0.521 -12.22%** -10.17%** 

4 0.482 0.650 +9.05%** +12.07%** 

5 0.485 0.652 +9.73%** +12.41%** 

6 0.459 0.621 +3.85% +7.07%* 

Oracle 0.580 0.956 +31% +64% 
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the six models we have built with the base model (Model 0). The 
summary results are displayed in Table 2. 
As Table 2 indicates, all the models, except for model 3, improve 
QA performance over the baseline. Models 4 and 5 are especially 
promising. The results suggest that by using our semantic 
verification approach, the QA performance can be improved (in 
terms of both MRR and TRR) significantly especially when (log-
transformed) pattern matches are used (models 4 and 5). The 
results also indicate that treating numbers of pattern matches 
separately instead of as one aggregate variable was not resulting 
in statistically detectable additional improvement. Obviously, 
using larger data set may fine-grain the results reported here. 

5.4 Testing on a Previously Unseen Set 
Since the first two testing steps performed above constituted 
training (tuning) steps, in order to provide higher objectivity of 
the results and to avoid possible dangers of overfitting, we also 
performed tests on a set of questions that the system had never 
seen before (testing set).  
We did not manually label the testing set into correct/wrong 
categories of the candidate answers and only measured the effect 
of our semantic verification on the answer accuracy using the 
same metrics or MRR and TRDR as described above.  Table 3 
presents the results. The improvement ranged from +6% to +16% 
depending on the model. All of them are statistically different 
(alpha < 0.05) from the baseline (no verification). The results 
clearly indicate that the improvement from our semantic 
verification is noticeable. The correlation between the 
performances of the models on the training set (Table 1) and on 
testing set is also noticeable. Future, more detailed tests may 
establish this with higher reliability. 

6. CONCLUSIONS, LIMITATIONS AND 
FUTURE RESEARCH 
We have introduced a novel semantic verification algorithm and 
demonstrated that it improves the accuracy of answers produced 
by a redundancy-based question answering system. The overall 
performance of our system was evaluated earlier and found 
comparable to that of the other current state of the art systems that 
do not require an elaborate knowledge base. Although, the 
systems that reported the best performance at TREC competitions 
surpass the “knowledge-light” systems, including ours, those top 
performing systems do not disclose their algorithms completely 
and do not make the underlying knowledge available to other 

researchers, which makes replication and follow up practically 
impossible. That is why we were not able to test our method 
within any of the best (top 3) systems, which still may be 
considered a limitation. However, the algorithms behind 
knowledge-light systems, like AskMSR or ours, have been 
already studied by a number of researchers and their performance, 
even numerically inferior to the best commercial systems, has 
been confirmed and analyzed. We have already indicated 
throughout our paper several other possible limitations that we are 
currently addressing in ongoing studies. Specififically, these are 
using larger sets of testing/training questions, more patterns, or 
other predictive models and transformations of its input variables. 
Up to our knowledge, this is the first study on completely 
automated verification of the membership in a previously 
unanticipated semantic category for the purpose of improving 
question answering. For this reason, we do not have any other 
technique to report here for comparison. Our method is different 
in the terms of coverage and the manual effort necessary to those 
based on WordNet or other manually developed taxonomies. In 
our sets of questions, WordNet contained the entries only for 12% 
of categories and 6% of candidate answers. Thus, we would not 
expect a method based on WordNet to provide comparable 
results. Indeed, many of the categories in our test set were phrases 
(American feminist, sporting event, Ridley Scott movie, etc.), of 
which there were no direct entries in WordNet. Besides, our 
approach can be complementary to those based on WordNet since 
it is based on entirely different source of data: patterns of 
occurrence on the Web rather than manually created ontology. 
For those reasons we did not think that comparing our approach 
against those based on WordNet (or similar) sources was 
necessary within our study.  
We believe our results to be extremely encouraging and our 
approach viability to be successfully applied to other problems 
such as database integration and ontology matching where 
semantic verification is necessary. Since it is commonly believed 
that categorization is behind many cognitive tasks, the completely 
automated verification of a given unrestricted semantic category 
has the potential to be a milestone within the broader scope of 
artificial intelligence research. 
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