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Abstract
One potential use of Natural Language Generation (nlg) systems is
to generate texts that help users make decisions. I summarise current
and previous work in this area, and explain why I think decision support is potentially a very promising application of nlg. I also briefly
describe some of the research challenges in generating decision support
texts, and introduce the new BabyTalk project at Aberdeen, which
will generate texts for medical decision support.

1

Introduction

Natural Language Generation (nlg) is a technology which is still looking
for its ‘killer app’, that is an application which (a) needs nlg and (b) is very
valuable and useful in the real world. I believe that decision support, that
is generating texts which summarise data and options, and thus help users
make decisions, could be such as ‘killer app’. In this note I describe why I
think decision support is an exciting application of nlg, and summarise past
and current research on this topic. I also briefly describe some of the research
challenges for the nlg community in generating decision support texts. I
conclude with a brief description of Aberdeen’s new BabyTalk project, which
will generate texts that help medical professionals make decisions about
babies in a neonatal intensive care unit. My summary of past and current
research is largely based on responses to a query I posted to the SIGGEN
mailing list.
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Applications of NLG

Perhaps the earliest application of nlg was as a component of machine
translation systems. Transfer and interlingua MT systems needed a component which could generate texts in the target language from a semantic
or syntactic representation, and nlg technology was used to perform this
task. In recent years, however, there has been less interest in using nlg in
MT (or indeed in other text-to-text NLP systems, such as summarisation),
because the statistical techniques which dominate much current research in
text-to-text systems work directly on word strings, and do not need or produce abstract semantic or syntactic representations of texts. Instead, recent
interest in applied nlg has focused more on systems which generate texts
from non-linguistic input data.
John Bateman and Michael Zock have created a very comprehensive list
of nlg systems1 . From an applications perspective, they classify 340 nlg
systems into no less than 113 categories. The largest category, medical,
includes 18 systems; but these systems are themselves very diverse, ranging
from a deployed system that helps doctors write routine documents to a
theoretical study of style in patient information leaflets.
The next largest category in Bateman and Zock’s list is weather forecast
generators (13 systems); this category includes several systems which have
been operationally used. I think this category highlights two promising ideas
for applied nlg:
• Helping humans produce routine documents more quickly, by generating drafts which humans post-edit into their final shape. All fielded
weather-report generators which I am aware of work this way, and this
idea has been picked up in many other areas of applied nlg as well.
• Producing texts which help humans make decisions, such as (in the
weather forecast case) whether a ship should sail or stay in port.
The first idea has already been explored by a number of people; for example
see (Paris et al., 1995) for a discussion of general issues, and (Sripada, Reiter,
and Hawizy, 2005) for a detailed study of post-editing of generated texts. In
this note I will focus on the second idea, using nlg to generate texts which
help people make decisions.
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NLG for Decision Support

‘Decision support’ means different things to different people. In this document, I will use it in the AI sense; IT tools that help users make specific
decisions by analysing, summarising, and presenting relevant information. I
do not include in this survey systems whose goal is to help a user explore
and ‘understand’ a data set in general terms.
Perhaps the most obvious way to provide decision support (from an AI
perspective) is to build a reasoning system which recommends a specific
course of action; this of course was the goal of much research in expert
systems in the 1970s and 1980s. One general finding of this research was
that people wanted explanations as well as recommendations (Davis and
Lenat, 1982). But even when explanations were provided, expert systems
were not as successful as their early proponents had hoped for. Certainly in
medicine usage of expert systems has been low, despite the fact that many
expert systems seem to perform as well as or even better than most doctors.
This reluctance to use expert systems was perhaps partially because such
systems were not always robust; in many cases existing medical knowledge
was insufficient to allow a computer to make reliable recommendations in all
cases. Perhaps another factor was that many doctors did not like computers
telling them what to do. Hence there was a change of emphasis from building
systems which performed doctor-like tasks by themselves, to systems which
helped doctors perform such tasks; such systems could be used in cases
where lack of medical knowledge made it difficult for a computer to make a
decision on its own, and also were more acceptable to many doctors. These
systems were called decision support systems.
A recent survey of medical decision support systems (Garg et al., 2005)
suggests that well-engineered decision support systems can change doctors’
behaviour to conform more closely to ‘best practice’ guidelines or protocols,
especially with regard to details that doctors do not care much about (e.g.,
for drug prescriptions, it is easier to convince a doctor to change the amount
prescribed than which drug is prescribed (Bates et al., 2003)). However,
there is less evidence that such systems either improve patient outcomes
(health) or decrease medical spending. But perhaps this reflects problems
in medical knowledge, not decision support technology. From a computer
science perspective, we could argue that a system should be regarded as
successful if it encourages decisions that domain experts believe are optimal;
if these decisions are not in fact optimal, that is an issue for domain experts,
not for computer scientists.
Most existing decision-support systems have concentrated on making
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specific recommendations about decisions. However, another way of providing decision support is to analyse and summarise the information and data
that a decision is based on, perhaps in the context of the specific choices
that are available to the decision maker. A doctor may have available to
him megabytes (or even gigabytes) of data about a patient, and only a few
minutes in which to make a decision. Clearly it is not possible for a human
to digest and analyse this amount of data in this short of a time. Hence
I believe there is a real need for systems which try to summarise data for
doctors (and other medical professionals) in a way which makes it easy for
them to pick out key information for making these decisions.
I believe this is true in many other areas, in addition to medicine. Enormous amounts of data are produced in the modern world, far more than any
one person can reasonably expect to digest. Society desperately needs technology to help doctors, engineers, logistics planners, and indeed ordinary
people cope with this flood of data. The data mining community has developed many techniques for analysing data, but they have not thought much
about communicating analyses to human users. Visualisation researchers
have looked at communicating data, but they have tended to focus on communicating raw data for data exploration purposes, not communicating summaries of data for decision-making purposes.
I believe that natural language can be a good mechanism for communicating data for decision support, because
• A text can naturally communicate many kinds of information in addition to raw data, including abstractions, interpretations, uncertainty,
background information, and causal links.
• A text can be very precise in what information it communicates and
what information it does not communicate (Bernsen, 1995).
• Many people absorb information more easily from texts than from numerical/graphical presentations; this is especially important for systems which will be used by ordinary people
I am encouraged in my beliefs by an experiment carried out at Aberdeen and
Edinburgh which showed that doctors made better decisions when shown
text summaries of data instead of graphic visualisations (Law et al., 2005).
Of course I do not mean to imply that data summaries should be presented solely by text, no doubt the optimal presentation will involve a combination of media. But I believe text will play an important role, for the
above reasons.
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I also believe that decision support is a good venue for testing hypotheses
about nlg, because there is a clear way of evaluating ideas and systems;
show the output of the system to a user and see how likely he/she is to
make a good decision (as in (Reiter, Robertson, and Osman, 2003; Law et
al., 2005)). Also decision support systems take as input real data instead of
abstract knowledge or linguistic representations; such data is usually easier
to acquire than abstract AI representations, and also using real data as input
protects us from the accusation that we are using unrealistic inputs.
Working on nlg for decision support could also encourage the nlg community to interact more with the data mining (for data analysis) and HCI
(for information presentation) communities, which I think could lead to interesting insights.

4
4.1

Current and Previous Work on NLG for Decision Support
Explaining Reasoning

As mentioned above, an early application of nlg was generating explanations of expert system reasoning; this can be considered as decision support
if the expert system in question is helping the user make a decision, and
providing an explanation increases the user’s willingness to use the expert
system. A recent summary of expert system explanation is (Lacave and
Diez, 2004), who in fact conclude that explanation systems would benefit from more sophisticated nlg techniques. Lacave and Diez also believe
that expert system explanation systems would be more effective if they were
better able to interact with users, and if they generated multimodal explanations which included both text and graphics.
Of course, expert systems are just one type of AI reasoning system, and
explanations can be generated for other types of reasoning systems as well.
In another paper, (Lacave and Diez, 2002) survey explanations of Bayesian
networks. Such explanation systems are in many ways similar to explanation systems for symbolic expert systems, although they put more emphasis
on communicating numerical information, and on multimedia explanations
which include textual and graphical elements.
Research has also been done on generating explanations of mathematical proofs produced by AI theorem provers (another type of AI reasoning
system). I will not discuss this here as it is not relevant to decision support;
but for those interested, a recent paper with good pointers to previous work
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is (Fiedler, 2005).
As a very general comment, there seems to be less interest in the nlg
community in this area than there was 10-20 years ago, despite the fact
that at least some people working in the area of explanation of AI reasoning
believe that better nlg could help (Lacave and Diez, 2004).

4.2

Describing Options

There is a growing amount of research in using nlg to describe and explain
choices, often based on detailed user models that describe users interests,
preferences, constraints, etc. For example, GEA (Carenini and Moore, 2001)
generated user-tailored descriptions of houses which helped people make real
estate decisions; FLIGHTS (Moore et al., 2004) generated user-tailored descriptions of flights for people who needed to plan a travel itinerary; MATCH
(Walker et al., 2004) generated user-tailored descriptions of restaurants for
people who wanted to decide where to eat; and MADSUM (Harvey, Carberry, and Decker, 2005) generated user-tailored descriptions of stocks, for
users who were deciding how to change their stock market portfolio.
Describing choices could be especially important in medicine, as there
is growing legal and ethical pressure for the medical community to involve
patients in decision making. But patients cannot make sensible decisions
about complex medical options unless they understand the risks and benefits
of the medical treatments and procedures being proposed. Unfortunately it
is difficult for time-pressured doctors to fully explain medical options; hence
there is a need for educational material and information aids for patients
(Doyal, 2001). Some nlg researchers are exploring whether nlg technology can be used to generate such material. For example (Di Marco et al.,
2005) propose an nlg system which explains the implications of different
reconstructive surgical procedures.
A key issue in explaining medical options is communicating risk. There
is an extensive psychological and medical literature on risk communication
and perception (e.g., (O’Connor, Légaré, and Stacey, 2003)), but this does
not seem to have had much impact on nlg. One exception is RAGs (Coulson et al., 2001), which communicated risk using a cognitively motivated
argumentation strategy.

4.3

Persuading Users

There is also interest in the medical community in trying to persuade patients to change their lifestyle in medically useful ways, such as stopping
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smoking or improving their diet. In other words, in trying to persuade
people to make the ‘right’ decision about their lifestyle. Several nlg systems have been developed which generated this kind of text, including the
Aberdeen stop system (Reiter, Robertson, and Osman, 2003), which attempted to persuade smokers to make an attempt to stop smoking. Several
other systems which generate persuasive medical texts are described in a
recent symposium (Bickmore and Green, 2006).
A clinical trial of stop showed that it was not in fact effective at helping
people stop smoking. I personally believe that this is because of stop’s
limited user models and lack of any kind of user interaction; this meant that
stop could not focus on the specific interests, concerns, and background of
individual smokers.
Systems that generate persuasive texts have been developed in many
other domains as well, including education, culture, and marketing. A good
recent overview of this area is Guerini’s thesis (Guerini, 2006). Guerini
argues that persuasive nlg systems should be based on the psychological
models of persuasion as well as logical models of argumentation, and should
consider affective (emotional) impact of choices (de Rosis and Grasso, 2000).

4.4

Summarising Data

Last but not least, an nlg system can also help people make decisions by
summarising data sets that influence the decision. Perhaps the classic example is nlg systems which generate weather forecasts, as mentioned above.
Most such systems generate texts for specific audiences who need to make
decisions based on this information. For example, Aberdeen’s SumTimeMousam system (Reiter et al., 2005) generates forecasts for offshore oil rigs;
these forecasts are intended to help rig staff make decisions about unloading
supply boats, scheduling diving operations, and so forth.
While most work in this area has probably been done with weather
forecasts, there is growing interest in generating data summary texts in other
areas such as medicine and engineering. For example, MAGIC (McKeown
et al., 2000) generates summaries of key relevant information for patients
who are entering an intensive care unit (ICU); this helps ICU staff treat
the patient appropriately. SumTime-Turbine (Yu et al., 2003) generates
summaries of sensor data from gas turbines, which are intended to help
engineers decide what maintenance actions (if any) should be performed.
One of the challenges in building systems which generate textual summaries of data is integrating data interpretation and abstraction techniques
with nlg. Little seems to have been published on this; one exception is
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(Sripada et al., 2003a), who argue that data interpretation techniques used
in a system which produces textual data summaries need to be modified to
better conform to the Gricean maxims.
In theory, one of the main advantages of presenting a data summary as a
text instead of as a list of bullet points is that the structure of the text (eg,
the order information is presented in, cue phrases and discourse structure,
sentence and paragraph breaks) should help readers digest and understand
the content of the text. Unfortunately, there does not seem to be much
recent research in the nlg community on improving text structuring.

4.5

General Comment: Why isn’t this in the NLP Literature

A striking aspect of the above literature survey is that none of the papers
cited in this section appear in the computational linguistics literature. I
have cited many papers in the general AI literature, many papers in domain
literature (e.g., medicine), and a few papers in the user modelling literature.
But none of the papers cited above appear in INLG, ACL, Computational
Linguistics, or any other venue which focuses on natural language processing.
I suspect that this is because papers on generating texts for decision
support often tend to focus more on data analysis, user modelling, and
domain requirements than on linguistics, and hence authors feel their papers
would not be welcome at NLP events. In other words, such papers might
not fit the definition of nlg suggested by (Evans, Piwek, and Cahill, 2002).
However, I must admit that I personally think that it is a shame that such
work is not presented at nlg events. I believe that the nlg community needs
to look at content-related issues if it is going to develop useful real-world
technology; I also believe that from a theoretical perspective, we cannot
ignore content issues if we want to understand how language relates to the
world (Roy and Reiter, 2005).
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Research Challenges

There are of course many research challenges in developing nlg systems and
technology for decision support. I list below a few challenges which are of
particular interest to me and also to many of my colleagues at Aberdeen
(these emerged from a discussion in the Aberdeen nlg group):
• Combining textual and graphical decision support: This seems especially important for explanations (Section 4.1) and data summarisation
(Section 4.4). A related question is how we enable users to effectively
8

interact with multimodal (or indeed text-only) decision support systems (they can already interact with graphics-based decision support).
• Effectively communicating individual bits of information: For example,
how do we effectively communicate risks and probabilities, especially
to non-technical users? I believe this is one of the main challenges in
effectively describing options (Sections 4.2).
• Understanding emotional/affective impact: For example, how should
we communicate bad news about the user’s health; is it best to do this
directly or indirectly, and how does this choice depend on the user’s
personality? I think this is a fundamental question for persuasive nlg
(Section 4.3).
• Integrating NLG with reasoning/interpretation systems: How do we
integrate an nlg system with a data interpretation (or reasoning)
system? What constraints do we need to impose on the interpretation
and nlg systems in order to allow them to work together? This is
very important for data summarisation (Section 4.4) in particular.
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BabyTalk

This note was written as a preliminary step in a new project at Aberdeen,
BabyTalk (http://www.csd.abdn.ac.uk/research/babytalk/). BabyTalk
will generate summaries of medical data about premature babies in a neonatal intensive care unit (some background and a very initial demonstrator is
described in (Sripada et al., 2003b)). In fact we intend to generate three
kinds of summaries, for three different purposes
• Decision support: summaries which help doctors and other medical
professionals decide what actions (if any) should be done. This is partially inspired by an experiment which showed that manually written
text summaries were useful decision aids in this domain (Law et al.,
2005).
• Report drafting: drafts of shift summaries, which nurses post-edit
(nurses are required to write these the end of each shift). The primary goal is to speed up the production of these documents, although
we also hope to improve their usefulness as decision aids by making
them more accurate and complete.
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• Parent reports: summaries of a baby’s status for the baby’s parents.
These are primarily intended to reassure parents and reduce their
stress, although it is possible they could also play a role in informed
decision making.
We hope to investigate all of the issues mentioned in Section 5 in the course
of developing the above systems.
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