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Abstract. We investigate whether the automatic generation of ques-
tions from an ontology leads to a trustworthy determination of a situa-
tion. With our Situation Awareness Question Generator (SAQG) we au-
tomatically generate questions from an ontology. The experiment shows
that people with no previous experience can characterize hectic situa-
tions rather fast and trustworthy. When humans are participating as a
sensor to gather information it is important to use basic concepts of
perception and thought.
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1 Introduction

The wide distribution of mobile devices makes it possible to use humans as a
source of information. Especially in crisis situations, human observers may pro-
vide crucial information to evaluate the situation. Through the mobile device
carried by the human observers, communication may be directly aimed at chart-
ing a particular situation as humans can answer questions about a situation.
The combined answers of many observers help to refine the picture of the situa-
tion. It is in the new emerging field of Human-Centered Sensing (HCS) that the
application we will propose makes use of humans as participatory sensors [5].

The study reported here focuses both on generation of relevant questions us-
ing Situation Theory [3] and on the validity of the answers provided by humans.
Concerning the latter, we hypothesize that the more knowledge-intensive the
task of the user, the more interpretation is needed, which will lead to variation
among descriptions of the same situation.

Generally, in the field of information technology for crisis management, atten-
tion is given to support the emergency services in their crisis management task.
Problems as how to synchronize information levels, facilitating decision making
and communication between the services or experts have been the main focus of
researchers [10]. These systems typically rely on traditional sensor systems which
have stationary sensors at predefined places. HCS has several advantages when
compared with such traditional sensor systems. As the sensing process makes



use of human intelligence, reponses can become more versatile and adaptive
than responses from a plain sensor system. In fact, the sensing process becomes
an information gathering process in which the requester can lead the human
”sensor” to provide the kind of information which is required. Other advantages
include the power supply which is guaranteed because people use their mobile
device on a daily bases for all sort of services; coverage is better because of the
ubiquity and mobility of people and their devices and the adaptability is greater
because humans are more flexible than traditional sensors. A problem which re-
mains is that systems as envisioned in [5] use a central computer trying to make
sense of all the data gathered from the sensors. Such a centralisation creates the
problem of data or information overflow. This is a bottleneck for communication
and makes the system very vulnerable [7]. The application we propose does not
create this bottleneck because the information processing is distributed.

We envisage an application deployed on mobile devices which asks the user
questions about a situation he finds himself in. In its core this application consists
of our Situation Awareness Question Generator (SAQG) as described in section
2. The application uses an ontology to generate the questions. This ontology is
sent by a server which also receives the (combined) answers. Communication
between the server and application is thus spars and lightweight.

Just like the application proposed in [5](SafetyHeroes), our application relies
on the assumption that people are prepared to help other people. However,
how many people are taking the effort to help is an open question and calls for
research. Furthermore, the quality of the provided information by SafetyHeroes is
not known. The experiment we conducted is precisely an answer to that question.

The next section introduces Situation Theory and SAQG. This is followed
by a section introducing the experiment we conducted and a presentation of
the results. Finally these results are evaluated in the Discussion and Conclusion
section.

2 Situation Awareness Question Generator (SAQG)

To discuss information we use the terminology developed in Situation Theory
by Devlin in [3]. In Situation Theory, a piece of information is called an infon
which is formally described as a tuple of the form:

<< R, a1, ..., an, 0/1 >> (1)

where R is a n-place relation, and a1, ..., an are variables representing objects
appropriate for R. The last item is the polarity of the infon which is ’1’ when
the infon is true given a particular situation and ’0’ when different from the
description by the infon. A situation is defined by a minimal but sufficient set
of infons.

Situation Theory is being used by Kokar [6] to create Situation Theory Ontol-
ogy (STO) which is stated in Web Ontology Language (OWL). The central class
in STO is Situation. Instances of Situation refer to specific situations which can
become actual, i.e. correctly representing a real situation. Situation has therefore



various subclasses which restrict the general and abstract class further. Classes
are related through OWL properties. Further specifications of situations are de-
scribed in another file. In such a file, subclasses of Situation are specified. This
division between a general ontology and a more specific, domain related, ontology
makes it easy to extend the ontology.

The ontology consists of concepts which are as simple as possible. We don’t
want people to make use of a great volume of background knowledge to answer
the questions because this knowledge differs among people. Furthermore, con-
sideration about the right interpretation does take time and we want people to
answer the questions as quickly as possible.

Visual information is categorized by Jaimes and Chang in [4] who make a
distinction between percepts which refer to what human senses perceive in a
physical causal relation and visual concepts which only exist due to knowledge
and experience. The use of concepts at the lowest level requires very little knowl-
edge and interpretation contrary to concepts at a higher level. The interpreta-
tion of these visual objects and their arrangement is solely based on everyday,
common-sense knowledge. Moreover, the infons to describe visual objects and
their constellation make use of basic concepts as defined in [9]. Concepts at the
basic level of abstraction carry the most information and are most differentiated
from one another. Such basic concepts can be found for objects and for events,
e.g. ’car accident’ which is more specific than an event with vehicles and more
general than ’auto accident’ which precludes trucks and other vehicles having an
accident [8]. Basic level concepts are easy to understand because they are very
common.

For the content of our ontology we used two sources. The first source is
a traffic accident ontology proposed in [11] which is based on domain expert
knowledge. Five core concepts are identified, i.e. ’time’, ’location’, ’weather’,
’persons involved in the accident’ and ’type of vehicle involved in the accident’.
The second source for our ontology are two databases which gather all sorts
of data about car accidents. These are the FARS (Fatality Analysis Reporting
System) [1] and CARE (Community database on Accidents on the Roads in
Europe) [2]. A lot of terms used as keywords in these database are basic concepts
as meant in [9]. A category like ’Pavement’ is immediately grasped by people and
the subcategories ’Asphalt’, ’Concrete’ and ’Unpaved’ are easily understood.

To determine the situation, SAQG is looking for subclasses of ’Situation’ and
their supporting infons. The infon which is most discriminative is being marked
as most informative and used to generate a question. Because each infon is an
informational entity, it is easy to formulate a question asking precisely for this
piece of information. Each infon then has a question as a label. This label can
be read when an infon is chosen as the most informative infon.

An answer to a question is a confirmation or refutation of an infon. When it
is a confirmation a follow-up question is generated from the set of infons of which
the confirmed infon is part. Is the infon refuted then a question is generated from
the set which is the complement of the set of infons of which the refuted infon
is part.



The goal of SAQG is to determine a situation which is defined with infons.
When asked for the actuality of these infons a yes-no question results. In the car
accident ontology a situation like ’With injury and one vehicle’ is defined with
two infons. In natural language these infons are stating ’people are injured’ and
’one vehicle involved’. This definition generates in SAQG two questions: ’Are
people injured?’ and ’Is more than one vehicle involved?’. The answers to these
two questions are used to determine whether this or another situation is actual
according to the user of the application. When the situation is determined, ad-
ditional information to obtain details about the situation may be required. Such
detailed information is elicited through multiple choice questions with one or
more possible answers. Not all questions are asked during each time the appli-
cation is used. Because several rules are build in, some questions do not have
to be asked because by implication the answer is already known. An example of
such a rule is ’when the weathertype is rain then the street is wet’. When the
participant has answered ’rain’ to the question what kind of weather it is then
the question after the condition of the street is not asked. These rules minimize
the number of questions to be asked.

3 The Experiment

The participants of the experiment we conducted were undergraduate students
in the Information Science courses at the Hogeschool van Amsterdam, Univer-
sity of Applied Sciences. The 89 participants are characterized by being mostly
male (78.65%) and between 18 and 22 (76.41%). The participants were asked to
watch one of four videos which lasted between 27 and 37 seconds. First a short
introduction was given and the goal of the experiment was explained. When
the participant had watched the video, questions generated by SAQG were pre-
sented.

The results were categorized in confusion matrices which were the basis for
the analysis. Four measures were computed: the Matthews correlation coefficient
(MCC) for correlation and the F1-score for accuracy, recall and precision. The
Matthews correlation coefficient is a measure of correlation between what is ac-
tual and what is predicted by a system or humans as in this case. It is a robust
coefficient because it does not deviate when classes of different size are consid-
ered. MCC variates between -1 and +1 where -1 indicates a perfect negative
correlation and +1 a perfect positive correlation, 0 indicates a random relation.
The F1-score is a measure of accuracy and varies between 0 and 1 where 0 indi-
cates no accuracy at all and 1 a perfect accuracy. The F1-score is the harmonic
mean of the recall and precision. The recall (also called sensitivity or true pos-
itive rate) is a measure of how many of the actual situations are determined
as such. Precision gives a measure of how many of the predicted situations are
actually these situations.

In Table 1 the Matthews correlation coefficient, F1-score, recall and precision,
for the determination of situations and the yes-no questions used to determine
these, is shown. The correlation is rather high, just as the accuracy. These mea-



Table 1. Matthews Correlation Coefficient, F1-score, recall and precision for the situ-
ations

Confusion matrix MCC F1 Recall Precision

People are injured 0.76 0.88 0.93 0.84

Only one vehicle is involved 0.79 0.88 0.80 0.97

Mean of yes-no questions 0.78 0.88 0.87 0.91

With injury and multiple vehicles 0.85 0.89 0.83 0.95

With injury and one vehicle 0.64 0.73 0.86 0.63

Without injury and one vehicle 0.78 0.82 0.73 0.94

Without injury and multiple vehicles 0.64 0.73 0.73 0.73

Mean of situations 0.73 0.79 0.79 0.81

sures are the highest when the situation ’With injury and multiple vehicles’ was
shown. This movie explicitly showed injured people and an accident with several
cars involved. The situation ’With injury and one vehicle’ was not so explicit,
i.e. no one was seen to be injured and the participant had to infer by the severity
of the accident that the driver and other people who might be in the car should
be injured. This inference mechanism was also working the other way around
when no one was injured and participants inferred the driver of the car having
an accident should be injured because they interpreted the accident as being a
severe accident. Another problem confronting the participants was how to inter-
pret the concept of ’being involved’ as in ’is there more than one car involved in
the accident’. On the one side participants interpreted ’being involved’ as ’being
in the neighbourhood’ or ’is part of what can be seen’. On the other side it was
being interpreted as ’is the cause of the accident’. This broad interpretation and
the inference from the severity of the accident to injury of the driver lead to a
great number of false positives in the confusion matrix of the situation ’With
injury and one vehicle’. Hence the relative low MCC value for the situations
’With injury and one vehicle’ and ’Without injury and multiple vehicles’.

In Table 1 can be seen that there is a difference between the mean of all the
measures for the questions and the mean of all the measures for the inferred sit-
uations. The inference of situations thus goes with a (small) loss of information.

The measures from the confusion matrices for the multiple choice questions
are shown in Table 2. We have detected a group of questions for which the
participants gave less trustworthy answers than the remaining group of answers.
The recall value of the first group (marked in the table by ∗) is 0.59 at the highest
and the lowest value of the second group is 0.72. The first group is characterized
as being information about numbers, clearly inferred or gathered during night
and obscured vision.

When people have to count, their observation becomes less trustworthy. Two
answers, one about the number of cars involved and another about the number
of lanes, scored significantly less than the answers which not relied on counting,
e.g. ’The road has three lanes’ and ’More than four vehicles are involved’ versus
’The road has one lane’ and ’One vehicle is involved’ (see Table 1). These answers



Table 2. Summary of all the MCC’s, F1-scores, recall and precision

Confusion matrix MCC F1 Recall Precision

More than four vehicles are involved 0.62 0.73 0.59* 0.96

The weather is dry 0.73 0.90 0.83 0.98

The weather is dry (without video 1) 0.84 0.94 0.91 0.98

The weather is snowy 0.88 0.91 0.91 0.91

The road is a highway 0.82 0.95 0.90 1.00

The road is in town 0.91 0.93 0.86 1.00

The road is dry 0.67 0.84 0.72 1.00

The road is dry (without video 1) 0.94 0.97 0.95 1.00

The road is covered with snow 0.88 0.91 0.88 0.96

The road has three lanes 0.44 0.69 0.52* 1.00

The road has one lane 0.91 0.93 0.96 0.91

The accident is during daylight 0.82 0.91 0.89 0.93

The accident is during the night in artificial light 0.85 0.70 0.59* 0.87

It is dawn or dusk 0.48 0.58 0.50* 0.69

Sight is unlimited 0.22 0.65 0.73 0.59

Sight is limited 0.32 0.55 0.48* 0.64

The pavement is asphalt 0.59 0.91 1.00 0.84

The pavement cannot be known 0.59 0.58 0.41* 1.00

Passenger cars and vans are involved 0.52 0.62 0.55* 0.71

Passenger cars only 0.57 0.89 0.87 0.91

were given to multiple choice questions where other answers than ’one lane’ and
’three lanes’ were possible except for the last answer which was an answer to a
yes-no question. A lot of participants used these other possible answers as their
observation leading to a low recall (a lot of ’false negative’), high precision (a few
’false positive’) and an overall low correlation between the actual and predicted
values. The answers ’The road has one lane’ and ’One vehicle is involved’ both
showed high recall and precision. This lead to a high correlation for the ’one
lane’ answer indicating that such an observation was easy to make. Restrictions
on the observation about ’One vehicle is involved’ are given above.

When people had to infer information it became more difficult to give the
right answers. Asked about the sort of pavement in video 4: Without injury and
multiple vehicles people gave as answer ’asphalt’ while the question clearly could
not be answered because the road was covered with snow. The high recall for
’The pavement is asphalt’ contrary to the low recall and high precision for ’The
pavement cannot be known’ even suggests a bias to ’The pavement is asphalt’
as the answer when participants did not know what to answer.

An observation about the limits of sight was hard to make for the partici-
pants. Night or dawn as in video 1: With injury and multiple vehicles and video 4:
Without injury and multiple vehicles gave participants problems to tell whether
the sight was limited or not. A fence, as in video 3: Without injury and one



vehicle, gave the same problems. Of all the MCC values the one for ’Sight is
unlimited’ is the lowest and for ’Sight is limited’ the second lowest.

Doing observations during the night has proven to be difficult. In the Table 2
is also shown the impact of removing video 1: With injury and multiple vehicles
for the questions about the weathertype and whether the road was dry or not. In
both cases the recall improves and precision stays the same indicating the value
for ’false negative’ decreases. Participants doing an observations of a nightly
situation more often were wrong than participants doing an observation of a
situation during daytime about whether it was dry weather and whether the
road was dry.

During the experiment we also logged the time participants used to answer
the questions. When the mean is taken of the different categories of questions a
difference is seen for the yes-no questions for which the mean is 6.855 sec. and
the multiple choice questions with one answer for which the mean is 9.34 sec.
For the multiple choice questions with more possible answers the time is 17.55
sec.

4 Discussion and Conclusion

This experiment deviates from a real life situation in that the participants saw
a video and were not really involved a car accident. But just like a real life
situation only after the rapid course of events there was time for reflection and
answering questions. Different from a real life situation was that the observation
we asked about had to be remembered. When asked about the weather, in real
life one looks (again) at the sky and answers the question. In our experiment the
participants had to think back to what they had seen and try to remember. But
this restriction is general and applies to all questions and so makes no difference
for the relative trustworthiness.

The experiment showed the participants had more problems with questions
which require some interpretation than questions which are more easy to answer.
The counting of objects (vehicles or lanes) is difficult and leads to a drop in trust-
worthiness of answers. A question as ’How is the sight?’ with possible answers
’limited’ and ’unlimited’ had to be interpreted. What we hoped to determine
was whether mist or darkness limited sight but according to the participants
a fence also limited sight. Which is true of course but says nothing about the
overall sight which we were after. The concept of sight was thus not so basic and
clear as we thought. For Human-Centered Sensing it is paramount to use basic
concepts of perception and thought which are easy to understand, common in
use and do need as little interpretation as possible.

First we conclude that it is possible to generate questions about a situation
from an ontology. When used by our Situation Awareness Question Generator
such an ontology has to comply to the Situation Theory Ontology as described.
When it does, automatically generated questions about several situations become
available.



The second conclusion we draw from this experiment is that it is possible
to gather trustworthy information from people who saw a hectic situation like
a car accident. It should be noted though that there are certain restrictions like
when such an event is happening at night one should be more careful with this
information than in broad daylight. All of the questions have a certain margin
of truthfulness, i.e. the accuracy of the answers is not perfect.

Furthermore, it takes the participants less time to answer yes-no questions
than multiple-choice questions. Multiple-choice questions where one has to choose
more answers are the most time consuming. The difference shows that yes-no
questions are preferable when a situation has to be determined very fast.

Further research shall be done with SAQG on a mobile platform. We do
not expect a fundamental difference with respect to the trustworthiness of the
answers. This future experiment will be in a real life situation, i.e. a participant
uses a mobile device to determine a situation of which he or she is part. Of
course this will not be a real crisis situation but a simulation because of ethical
considerations.
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