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Abstract

Speech-based services over simple mobile phones are a viable way of providing information-access to under-served popu-
lations (low-literate, low-income, tech-shy, handicapped, linguistic minority, marginalized). Despite the simplicity and
flexibility of speech input, telephone-based information services commonly rely on push-button (DTMF) input. This is
primarily because high accuracy automatic speech recognition (ASR), that is essential for an end-to-end spoken interaction,
is not available for several languages in developing regions. We share findings from an HCI design intervention for a dialog
system-based weather information service for farmers in Pakistan. We demonstrate that a high accuracy ASR alone is not
sufficient for effective, inclusive speech interfaces. We present the details of the iterative improvement of the existing service
that had low task success rate (37.8%) despite being based on a very high accuracy ASR (trained on target language speech
data). Based on a deployment spanning 23,997 phone calls from 6893 users over 10 months, we show that as multimodal
input, user adaptation and context-specific help were added to supplement the ASR, the task success rate increased to 96.3%.

Following this intervention, the service was made the national weather hotline of Pakistan.
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1 Introduction

Information and Communication Technologies (ICTs) can
provide people access to information in a fast and efficient
manner. ICTs are used as developmental tools to provide
services to people and catalyze economic growth. Despite
the benefits, there are significant barriers to their effective
use in developing countries. These include low literacy, lack
of skills to handle technology, lack of resources to afford
high-end communication devices, and insufficient internet
facilities. These barriers need to be addressed to utilize the
full potential of ICTs targeting under-served populations.
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Automated mobile phone-based, speech services (also
called Interactive Voice Response (IVR) services) are
one of the key techniques to overcome accessibility chal-
lenges (Thies 2015). In IVR services, users are provided
information access by allowing them to interact with auto-
mated systems over regular phone calls. IVR services do
not require the target users to have internet access, smart
phones, or the ability to read or write. Users are provided
their required information via spoken interactions using
only simple (non-smart) phones over regular phone calls.
These services have seen a rise in information dissemi-
nation campaigns targeting low-literate, low-income and
tech-shy people (Sherwani et al. 2007; Patel et al. 2010;
Mudliar et al. 2012; Raza et al. 2013, 2018, 2019; Vash-
istha et al. 2015, 2017, 2018; Wolfe et al. 2015; Moitra
et al. 2016; Ahmad et al. 2017; Swaminathan et al. 2019;
Vashistha et al. 2019a, b). IVR services offer the benefits
of requiring no more than simple or feature phones and
users’ ability to make and receive phone calls and converse
in their local language. As a result, these services often
outperform SMS and smartphone-based interventions in
terms of the scale of spread among low-literate and poorly
connected users (Vashistha et al. 2019a, b).
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IVR services could be categorized in terms of the inter-
face as push-button-input, spoken-output services where
the users provide input by pressing keys on the numeric
keypad and system speaks out the needed information; and
spoken-input, spoken-output services (aka Spoken Dialog
Systems) where users are required to provide voice input.
While we have seen a rise in the use of the push-button
input systems, Spoken Dialog Systems have not been uti-
lized much to design information services in developing
countries. This is despite the fact that spoken dialog sys-
tems are simpler, more flexible and assume even lesser
technical capabilities from users as compared to push but-
ton systems. This is due to two reasons: (1) there is a lack
of high accuracy speech recognition capabilities for lan-
guages of developing regions and (2) there are hardly any
interface design guidelines available for Spoken Dialog
System for hard-to-reach populations.

High accuracy Automatic Speech Recognition (ASR)
capability is considered an essential component of Spoken
Dialog Systems. As there is a lack of high accuracy ASR
capability for languages of developing regions, speech
services targeting users in these regions mostly resort to
push-button (DTMF) input (Sharma Grover et al. 2009).
This is true even in cases where the spoken input is easier
to elicit as compared to key-presses. Examples of such
contexts include open-ended input questions as well as
questions with more than 10 answer choices that cannot
be entered easily using a numeric keypad. For example, it
is harder to use the push-button input to elicit information
about location and profession etc.

The second reason is that there are hardly any guide-
lines available for designing Spoken Dialog Systems for
low-literate users. We know that it is harder to elicit appro-
priately “formatted” speech input from tech novice users
over mobile phones at a high enough signal-to-noise ratio
(Sherwani et al. 2007). Speech recognition errors also lead
to greater annoyance and confusion among such users
(Sherwani 2009; Sherwani et al. 2009). On the other hand,
push-button input is more accurate but not as natural as
speech input because users constantly need to remove the
phone from their ears to press keys (Sherwani 2009).

In this paper, we explore the design and usability of
speech interfaces that employ spoken output and multi-
modal (speech and push-button, input) to provide inclusive
information access to hard-to-reach populations. Based on
lessons from an HCI design intervention into an exist-
ing weather service for farmers in Pakistan followed by
a 10-month long deployment, we show that high accu-
racy speech recognition alone is not sufficient for effective
speech interfaces for low-literate people. Other modali-
ties and interface features are needed to supplement the
ASR to provide a richer experience and higher task suc-
cess rate. We present a set of recommendations and design
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principles including multimodal input, user adaptation,
and context-specific help.

2 Contributions

There are two main research contributions of this paper:
(1) it provides interface design considerations for Spoken
Dialog Systems for hard-to-reach users and, (2) it shows
that high accuracy speech recognition capability, although
important, is not sufficient for effective speech interfaces
for hard-to-reach users. The ASR needs to be supple-
mented with other HCI components to perform better.

We started with an existing dialog system with a
reported high accuracy speech recognition back-end
that performed very poorly in terms of task success and
engagement among users. Our intervention improved this
service over several iterations by adding better interface
design and user adaptability. The resulting yield is quan-
tified and presented at each step. This paper could also
be regarded as a tested checklist of HCI considerations
for designing Multimodal Dialog Systems targeting users
with special needs (low-literate, visually impaired, non-
tech savvy). Concretely, we show that:

e A well-trained and high accuracy speech recognition
system with a simple and bug-free interface is not suf-
ficient for providing effective and inclusive information
access

e The presented intervention reemphasizes that iterative
retraining of speech recognition systems with actual
field data leads to significant improvement in speech
recognition accuracy (this is true even for systems that
already perform at high accuracy)

e Interface design interventions like context specific help
with examples, push-button input in case of speech rec-
ognition failure and system’s ability to adapt to users
significantly improve task success rate

e An information service could still perform at a very
high task success rate with relatively low-contribution
from speech recognition technology

3 Related work

Speech Interfaces allow humans to communicate with
computers in their spoken language (McTear 2002). Such
systems have been used to provide information access
(Bratt et al. 1995; Zue et al. 2000), reservation ser-
vices (Seneff and Polifroni 2000), maintenance support
(Bohus and Rudnicky 2005), tutoring (Litman and Sil-
liman 2004), navigational services (Pellom et al. 2001)
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and crowdsourcing (Vashistha et al. 2017). In developing
countries where low-literacy is a major hurdle to textual
interfaces, speech interfaces have been successfully used
in several domains, including health (Sherwani et al. 2007;
Wolfe et al. 2015; Batool et al. 2017; Ahmad et al. 2017),
disaster response and recovery (Roche et al. 2006), citizen
journalism (Ejaz et al. 2018; Gram Vaani 2017; Gulaid and
Vashistha 2013; Mudliar et al. 2012), agriculture (Manee-
sha and Abhishek 2014; Patel et al. 2009, 2010), job
search (Raza et al. 2013; White et al. 2012), e-government
(Rocheleau and Wu 2005), marketplace (Vashistha et al.
2018; Zainudeen et al. 2010), finance (Rocheleau and Wu
2005), information delivery (Wolfe et al. 2015), entertain-
ment (Raza et al. 2012; Wang and Singhal 2018), social
connectivity (Vashistha et al. 2015; Raza et al. 2018) and
education (Raza et al. 2019).

Medhi et al. (2006) compare textual and non-textual
interfaces for digital maps and job search systems for low-
literate users. Conducted in slums of Bangalore, the study
highlighted the importance of help options and confirmed
that non-textual and voice-based systems are preferred by
low-literate users over textual ones.

Speech vs. push-button (DTMF) input is an important
question in the design of speech interfaces. Lee and Lai (2005)
report a study involving 16 participants who were asked to
perform tasks like accessing e-mails, voice mail, and calendar.
They conclude that DTMF is more efficient for linear and
simple tasks while speech is better for non-linear tasks. Users
preferred speech input despite a high word recognition error
rate of 20-25% as they found the experience of a machine
recognizing their spoken input entertaining and enjoyable.

Grover et al. (2009) report a spoken dialog system for
providing health information to caregivers of HIV positive
children of Botswana. They compare different input modali-
ties among semi and low literate users. They report task
completion rates for speech and DTMF input modes to be
similar, and tech-literacy being a more important factor than
overall literacy for task completion. They report that 59%
of users preferred DTMF while only 19% preferred speech
input. Project HealthLine (Sherwani et al. 2007, 2009) found
that speech input performed better than DTMF in terms of
task completion, for both literate and low literate users.

On the other hand, Patel et al. (2009, 2010) both report
that DTMF and numerical input performs better than speech
in terms of task completion and performance improve-
ment. They report the problem of transitioning between key
presses and speaking as a major challenge of DTMF. Over-
all, the study suggests that DTMF input is more intuitive and
reliable than speech and is a better choice if user perception
is vital to system adoption. Zue et al. (2000) present JUPI-
TER, a natural language conversational agent for access to
worldwide weather information. JUPITER was not oriented
towards or tested on a tech-novice audience.

In terms of speech recognition required for under-
resourced languages, Qiao et al. (2010) developed a tech-
nique called SALAAM. SALAAM can be quickly trained to
perform high accuracy speech recognition for small vocabu-
lary tasks (50-100 words). SALAAM method is used by
Cuendet et al. (2013) and Reda et al. (2011) to provide farm-
ers a way to search for agricultural extension videos. In our
work, we expected a vocabulary size greater than 100 words
(at least 139 to cover all districts in Pakistan). As SALAAM
performs best for vocabulary sizes up to 100 words, we did
not use it for district name recognition.

4 Original problem description

The work presented in this paper has been done to solve a
particular information access problem faced by low-literate
farmers in Pakistan: access to localized weather information.
The livelihood of farmers is directly linked with weather
conditions. Their everyday decisions such as when to sow,
irrigate and harvest their crops, administer pesticides etc.
are dictated by actual weather conditions. However, most of
the farmers being low-literate, there are no simple ways for
them to find the weather forecast for their specific locations.

Pakistan is a country of diverse climatic and extreme
weather conditions. Various geographical regions of Paki-
stan experience extreme weather conditions (spells of hot,
cold, rainy or dry weather and floods) that keep fluctuat-
ing throughout a season. As agriculture is the largest sector
of Pakistan’s economy i.e. 24% of GDP (Pakistan Bureau
of Statistics 2019), providing timely and accurate weather
information has a direct impact on the economy.

The need to access timely and location-specific weather
information is not limited to farmers. Most of the river-irri-
gated plains annually flood due to heavy rains and melting
snow that leads to great loss of life and property. Timely
forecast of floods could help people decide when to move to
safer areas. Mountain roads get blocked for several months
as soon as heavy snowfalls begin and such information could
help people leave the highlands in a timely manner. People
also use weather forecasts to plan travel and outdoor activi-
ties as such activities are severely curtailed by heavy rain,
snow and heat waves.

The biggest challenge towards accessing weather informa-
tion using traditional means is low-literacy. The literacy rate
in Pakistan is 57.9% (45.8% among females), which is even
lower for rural areas (around 51%) (The World Factbook-
Central Intelligence Agency 2017). This means that close to
half of the population cannot benefit from the textual infor-
mation. Another major issue is internet availability as broad-
band subscription stands at 36% of the total population and
3G/ 4G subscribers at 35% which leaves the majority of the
population offline (Pakistan Telecommunication Authority
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2019). On the other hand, mobile penetration in Pakistan
has increased drastically over the last decade and currently,
there are 161 million active mobile subscribers (80.5% of the
population) (Pakistan Telecommunication Authority 2019).
Hence, providing information related to health, weather,
floods, and other emergencies through mobile phones can
help in saving lives and improving the living standards of a
large number of people.

5 Initial solution

The Pakistan Meteorological Department (PMD) runs a
hotline where people can call in and ask for weather infor-
mation. All calls were answered by human operators who
are only available during office hours (9 am-5 pm). PMD
was interested in scaling their manual hotline and running
it 24/7. A project was conceived by PMD and the original
designers of the weather service with the goal of creating
an IVR hotline [Weather Information Service (WIS)] that
would allow people to call in and access location-specific
weather information and forecasts. The biggest technologi-
cal hurdle in this process was to elicit location information
from the callers. One possible solution of using real-time
cell tower information was dismissed at a very early stage
of the project because of privacy laws.

As it is not practical to elicit the names of hundreds of
locations using push button input, they decided to create a
spoken dialog system. An automatic speech recognition sys-
tem was rigorously trained with district names in all popular
accents of Urdu: the most widely spoken and understood
language in Pakistan. However, once deployed the service
performed very poorly in terms of task success and user
satisfaction. Call logs and recorded input revealed that only
37.8% of calls on average were able to result in weather
information being conveyed to the user.

At this point, a collaboration was formed between the
authors of this paper, the designers of WIS and the Paki-
stan Meteorological Department. An early analysis revealed
shortcomings with the user interface of the service and a
design intervention was planned. It was decided to improve
the interface by adding adaptability, context-specific help,
culturally appropriate prompts and multimodal back-off in
case the speech recognizer fails. This resulted in a drastic
improvement in call success rate to 96.3%. The service was
also made the national weather hotline of Pakistan.

6 Initial design and deployment
This section describes the design and deployment of the

Weather Information Service (WIS) before intervention and
the problems identified with the said interface as part of the
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Fig. 1 Initial interface design

intervention. The initial design is referred to as Stage-1. The
stages would be explained later in the text.

6.1 Stage-1:interface design before intervention

The interface of WIS was designed to be simple and usable
by tech novice users. It was designed to provide weather
information for one location in each call. All interactions
were based on incoming calls from users on a normal land-
line phone number already advertised by PMD and the air-
time charges were borne by the users. As shown in Fig. 1,
the interaction started when users called the advertised
phone number of WIS. Users were asked to speak out the
name of the location for which weather information was
required. A beep was played after which they had four sec-
onds to record their response. Barge-in was not configured in
the dial plan which meant that users could not interrupt the
system prompt and had to wait for beep to be played before
recording their responses. A voice activity detector isolated
out the spoken portion of the recording and the system tried
to recognize the recording.

If the input was successfully recognized by the automatic
speech recognition (ASR) system, the weather information
for the requested location was fetched and played to the
users. The information consisted of 24-h weather forecast
retrieved from PMD’s records. Otherwise, a generic error
prompt (“We apologize that the system is unable to under-
stand your input”) was played followed by a repetition of the
voice prompt that asked the users to speak out the location
name. The call automatically disconnected after the third
unsuccessful retry or after successfully playing the weather
information to the users.

6.2 Deployment

The described interface was fully functional and simple.
Speech data consisting of Pakistani district names that was
used to train and test the ASR was gathered from all prov-
inces and territories of Pakistan. The districts were selected
from official listing of districts as per Pakistan Bureau of
Statistics. A district is an administrative unit in Pakistan
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which is used to allocate government resources. A district
is a part of larger administration unit know as division which
in turn is part of a province/territory. Pakistan has a large
number of cities and towns ranging from densely to sparsely
populated. There are also a large number of towns that are
larger in population than some of the cities. There is no clear
distinction between what constitutes a city and what consti-
tutes a town. Hence, in order to avoid this confusion, 139
cities that have been officially declared districts have been
selected. Details of the IVR system, ASR and the gathered
data are described in detail in (Rauf et al. 2015; Qasim et al.
2016a, b). The speech corpus consisted of more than nine
hours of speech data (41,443 utterances) recorded from
300 speakers (both male and female) from all over Pakistan
covering all six major accents. The data was collected over
mobile phones, sampled at 8 kHz and digitized at 16 bits
per sample. Hence, the data was aimed to be similar to data
expected from the field. In the rest of this paper, we will refer
to this speech corpus as DNC (District Name Corpus). The
service was deployed on PMD’s phone number on August
13, 2015, and received 7683 calls from 2398 users during
the first 2 months. Despite the simple interface, the overall
call success rate remained very low (only 37.8% successful
calls).

We define call success as the user’s ability to retrieve the
required information or being informed of the exact problem
(e.g. no input, noisy input, invalid input or input uttered at a
very low speaking volume). This implies that the user was
able to continue the interaction long enough and WIS was
able to successfully decode the input and inform the user
accordingly. The call success rate is calculated as:

A total of 9966 recordings were gathered from 7683 calls
during the initial 2 months.

Next, we present a detailed description of the problems
that were identified as the cause of low call success rate.

6.3.1 Poor ASR performance on field recordings

We found that the recognition accuracy of the ASR on actual
field recordings came out very low (65%) as compared to its
accuracy on the test data of DNC (93%) and the following
turned out to be the causes:

6.3.1.1 Multiple words This is where the user speaks out
multiple words or a whole phrase instead of (or in addition to)
providing the name of the location. The highest percentage of
recordings (44.6% out of 9966 recordings) was of this type.
Instead of speaking out the name of the district, users uttered
complete phrases like: “I would like to know the weather
for Karachi”, “Lahore (pause) Lahore”, “Quetta’s weather”,
“Peshawar, KPK”. These phrases were not recognized by the
ASR because it had only been trained to recognize isolated
words. This indicated that our audience needed help and train-
ing for correct usage of the service and for appropriate format-
ting of their input.

6.3.1.2 Out-of-vocabulary words (OOVs) This is where a
user speaks out names of locations that the ASR has not been
trained to recognize. At this point, we found a major mistake
in the voice instructions of the service. While the ASR had
been trained to recognize districts; the actual voice prompt
asked the user to speak out the name of a “city”. Pakistan has

Call Success Rate = Number of successful calls | Potential number of successful calls

The call types that do not count towards the denominator
are the ones where the user hangs up before providing any
useful input or the ones that fail due to network errors. These
are the calls that could not have succeeded even in case of a
human operator as the provided input was not meaningful.

At this point, we formed the collaboration and planned
our intervention. We analyzed the data gathered from the
deployment and investigated the reasons for the low call
success rate.

6.3 Reasons identified for poor call success rate

We performed an analysis of all the district name record-
ings gathered between August 13, 2015, and Oct 05, 2015.
The number of recordings per call varies between 0 and 3
depending on the number of attempts it took the system to
correctly decode the input (or to give up after 3 attempts).

139 districts (132 districts + 7 tribal agencies) and around 271
cities. The demarcation between what constitutes a city and a
village is also not very well defined among the population. As
aresult, users just spoke out the name of their current location
that often did not match any district name.

6.3.1.3 Noisy field recordings As already explained, the ASR
although was trained on very field-like data (District Name
Corpus) and performed very well at recognizing such record-
ings. However, actual user recordings also contain noise and
disfluencies (pauses, repetitions, incomplete utterances, filler
words like ummm, hmmm, aa, ...). The ASR needed to be
retrained with user recordings in order to deal with actual field
data.

6.3.1.4 Noisy training data A subset of training data was

found to be noisily annotated (incorrect spellings, incorrect
speech to text mapping etc.). The data needed to be cleaned.
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Table 1 Description of stages and HCI interventions

Stages Length (days) Details

1 52 Plain ASR with three attempts at recognition (as described in “Interface Design before Intervention”)
2 72 Context-specific help was added; Location prompt was fixed; ASR data was cleaned

3 32 ASR was retrained with actual field data; Push-button-based Area Code fallback was added

4 35 Added logging of user locations for adaptability

5 114 Push-button-based Division level fallback was added

6.3.2 Lack of user engagement

The interaction, although precise and simple, was very dry
and distant. There were no greetings at the beginning and
end of the interaction. The voice prompts were not high
quality. They had been recorded on various occasions by
two separate female voice artists and as a result, there were
abrupt changes in voice and ambient noise.

There was no context-specific help or guidance regard-
ing the nature and cause of recognition errors to alleviate
user’s anxiety and impatience in case their input repeatedly
gets misrecognized. Finally, users were not asked to confirm
if they were satisfied with the played weather information.
The service just played out the weather as soon as a loca-
tion recording was successfully decoded, without confirming
with the user if the location name was correctly recognized
by the system or not.

6.3.3 No fallback in case of speech recognition failures

The service had no fallback options in case user was not able
to correctly enter the spoken location information. Ideally,
such a service should provide a push-button input or human
operator option in case the primary input method fails. This
is especially essential when the user is at a place with high
background noise or is on a noisy GSM channel or has dif-
ficulty pronouncing location name properly.

6.3.4 Lack of adaptability

We found that most users keep requesting weather informa-
tion for the same location, presumably where they reside.
WIS lacked the ability to remember the location last entered
by the user and to play its weather information without mak-
ing the user go through the process of entering a location
name again.

6.3.5 Lack of user feedback

There was no way for users to provide us with their feedback
and suggestions.
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6.3.6 Weather summary

Based on their experience, PMD believed that several callers
just call in for a nation-wide weather summary (province-level
with special weather events highlighted). These users are often
not interested in only the weather specific to their location.
Such users were interested in questions like the following:
“Whether monsoon (rainy) season has started in the country
or not?”, “Whether Spring has started in any part of the coun-
try”, “Has there been recent rainfall in neighboring regions?”.
WIS did not have a weather summary feature.

Next, we started implementing solutions for each of the
issues identified above. These changes were incorporated over
a period of 8 months with direct impact on call success rate as
described below. Table 1 defines the various "stages" in which
new interface features were deployed.

7 Design intervention

This section describes the series of changes that were made
to the system and its interface over a period of 8 months to
resolve the problems identified in the last section. Figure 2
shows the call success rate of the system after each change
as well as the contributions of various interface features to
the percentage of successful calls. Figure 3 shows how these
changes impacted the distribution of various kinds of record-
ing. It is also notable that new users kept flowing into the sys-
tem throughout this period (on average 34% of daily users are
new) and we are not confounding user training with the impact
of interface changes.

In terms of design philosophy, we consider our users as vol-
unteers willing to provide us with their location information.
They may even be willing to navigate slightly complicated
interfaces as long as they are sure of accessing the weather
information that they cannot find otherwise. This direction of
thinking allowed us to come up with (1) fallback mechanisms
to “salvage” calls where the ASR fails to recognize the loca-
tion recording, and (2) adaptable interfaces that would ensure
that repeat user does not need to go through the toil of making
the system recognize the same location input.
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7.1 Stage-2: cultural considerations, unambiguous
instructions, data cleaning, and context-specific
help

The first set of changes was made between Oct 5 and Oct 16,
2015, and included the following. We refer to this as Stage-2
as shown in Table 1.

OOV H Noise

M Hang up Incomprehensible ® Silence

7.1.1 Cultural considerations

Traditional welcome greetings (AsSalaam u Alaikum,
translation: May peace be upon you) and farewell greet-
ings (Khuda Hafiz, translation: May God protect you) were
added to the interface. All prompts were rerecorded using
high-quality audio by a female voice artist who spoke in a
loud, clear voice and at a moderate pace. Urdu was used for
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recording all prompts as it is the most widely understood
language throughout the country.

7.1.2 Ambiguous voice instructions

The prompt that elicited location information from users
was corrected to ask for the name of the district of interest
instead of a city.

7.1.3 Data cleaning

The ASR was retrained after expert annotators scanned all
training data and manually removed noisy transcriptions
(incorrectly transcribed utterances, spelling errors etc.).

7.1.4 context-specific help with examples

In order to prevent users from uttering multiple words, we
trained our ASR to recognize instances of multiple words
(a binary decision: does this recording contain multiple
words or not?). The accuracy of this recognition improved
over several weeks of its initial deployment to 81%. As
soon as multiple words are detected, the system plays a
prompt informing user that their input has not been recog-
nized because they uttered multiple words and an example
correct input is also played as follows:

“We apologize that we are unable to recognize your
input. Please only say the name of the district for which
you would like to know the weather. For example, if you
would like to know the weather of Karachi, say Karachi!”

We also trained the ASR to automatically detect when a
user utters a valid district name multiple times and to rec-
ognize it correctly. To prevent users from uttering unsup-
ported location names, we added context specific help to
guide users to speak out the correct name. In case of a
failure due to these Out-of-Vocabulary words (OOVs), the
user is informed of the problem and is given an example
of correct input:

“We apologize that we are unable to recognize your
input. Please say a valid district name. For example, if
you would like to know the weather of Lahore, please say
Lahore!”

Similarly, to reduce the number of recordings that get
misrecognized because the user does not speak loud enough,
we added auto-detection of low recording volume and added
a prompt requesting the user to speak louder.

7.1.5 Results

The results of these changes are clearly reflected in Fig. 2
and based on 4,935 calls, call success rate climbed from
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Table 2 ASR performance with various types of training data

ASR Trained with District Name Corpus (DNC)

33,155 DNC utter- 41,443 DNC utterances
ances

Training data

Test data 8288 DNC utterances 586 field utterances
Correctly decoded 7,7093 83
Accuracy 93.01% 65.36%

ASR Trained with a mixture of DNC and Field data

33,000 DNC utter- 39,022 DNC utterances
ances and 6022 field and 9,755 field utter-

Training data

utterances ances

Test data 7755 DNC utterances 2609 field utterances
and 2000 field utter-
ance

Correctly decoded 9133 2415

Accuracy 93.42% 92.56%

37.8% (Confidence Interval (CI) [37.27-38.35%]) to 63.7%
(CI[63.04-64.41%]) owing to an increase in the speech rec-
ognition accuracy. The accuracy not only improved due to
the cleaning of training data but also due to a reduction in
the multiple word utterances (from 44.6 to 38%) and OOV
(from 6.9 to 2.2%), calculated based on 10,088 recordings
(Fig. 3). The average number of speech recognition attempts
per call also increased from 1.36 to 1.83 as the system started
doing a better job retaining the users for longer interactions.

7.2 Stage-3: ASR adaptation to field data,
push-button fallback, and user feedback

Next, we identified the following updates to resolve more
interface problems. We refer to this as Stage-3 as shown in
Table 1.

7.2.1 ASR adaptation to field data

As mentioned earlier the ASR performed very well when
tested with recordings from the District Name Corpus
(DNC) but poorly on actual field data as shown in the top
part of Table 2. An ASR trained with 33,155 DNC utter-
ances and tested with 8288 DNC utterances resulted in an
accuracy of 93%. But when trained with 41,443 DNC utter-
ances and tested with 586 field utterances, the resulting
accuracy came out to be 65.36%.

We decided to remedy this by transcribing the data
gathered from the field and using it to retrain the system in
addition to the DNC. The bottom half of Table 2 shows the
results. Trained with a mixture of 33,000 DNC utterances
and 6022 field utterances and tested with a mixture of 2000
field utterances and 7755 DNC utterances, the system per-
formed at an accuracy of 93.42%. When trained with 48,778
(39,022 DNC + 9755 fields) utterances and tested with 2609
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field-only utterances the accuracy still remained at 92.56%.
This new ASR was made a part of the weather service.

7.2.2 Push-button fallback to area codes

In order to cater to users who find it hard to appropriately
provide speech input to the system (e.g. those who call from
a noisy environment or cannot pronounce the names well
enough), we deemed important to provide a back off to push-
button modality. Although more tedious than spoken input,
the push button modality tends to be highly accurate (Sher-
wani et al. 2007).

The biggest challenge was to find out a way to allow users
to specify one of 139 districts using only 10 numerical keys
on their keypad. Several options including postal codes,
union council numbers, election area codes etc. were con-
sidered. Interviews were performed with a sample of target
users to find out the input type most popular among them.
Finally, landline telephony area codes were chosen as the
most commonly known location identifier. We updated the
interface to back off to the numerical entry of 3—4 digit lan-
dline area codes in case of three failed attempts at spoken
input recognition. We also added a second fallback mecha-
nism described later.

7.2.3 User feedback

We added two different user feedback options. A structured
feedback prompt after weather information is played to a
user:

“If you are satisfied with the weather forecast that has
been played to you, press 1; otherwise press 2.”

Users who press 2 are directed to the push-button based
area code entry option. The second feedback option was
added at the very end of interaction where the users are
asked to record their feedback and suggestions. This feed-
back is gathered in the form of unstructured speech and later
annotated and reviewed by our annotators. Users are allowed
up to a minute to record their suggestions.

7.2.4 Results

As we see in Fig. 2, these changes further improved the call
success rate to 89% (N = 1360 calls and CI [88.35-90.03%]).
This increase is clearly due to both a major improvement in
the spoken input recognition accuracy (69.3% of all calls
succeeded because of it) and the back off to area code entry
option (responsible for the success of the remaining 18.4%
of calls that would have otherwise failed). Figure 3 shows
that the multiple words further decreased to 29.7%, however,
OOVs increased slightly to 3.7%.

7.3 Stage-4: adapting to the users

An analysis of call data showed a significant trend for users to
ask for the same location each time they call. We found that
in 37% of 15,648 calls, users had asked for locations that they
had inquired about previously. This makes sense as a typical
farmer would remain interested in the location of his crops.
We learned about the locations-of-residence of 289 users of
the service through telephonic surveys (described in section
“User Surveys”). We found that these users asked about the
weather of their home district in 28.9% of their 280 calls to
the weather service. However, WIS interface required users
to go through the process of entering their input location each
time they called. Therefore, in order to make our system adapt
to the locations of our users, we added phone number based
user profiles and associated the last successfully recognized
location with that phone number. As a result, once users suc-
cessfully input a location, a summary of the forecast for that
location gets played at the beginning of their subsequent calls
before they are asked to speak out the name of a district.

Our system currently remembers only the last successfully
entered location. This could, however, be easily extended to a
model where several locations are associated with a particular
phone number (e.g. to cater to users who reside in a location
different from the one where they conduct business).

7.3.1 Results

We find that after the addition of this feature call success rate
remained stable at 90.6% (N =2225 calls), however now 78%
of calls were successful due to correct recognition by the ASR
and a reduced 6.3% were successful due to area code back
off. The remaining 6.3% were successful because the users
hung up after listening to the weather information of their last
known location (Fig. 2). We also see in Fig. 3 that the multiple
words further decreased to 24.7% and the OOVs to 1.9%. We
also see a decrease in the percentage of incomprehensible
recordings to a mere 1.0%. While there is a confounding fac-
tor that repeat users may learn on their own to avoid these
mistakes, however, we did not find this to be significant. One
of the reasons is that on average 34% of all daily users are
new. Also, if when we plot these stats (MV, OOVs etc.) within
each stage (plots not shown), we do not find any significant
reduction across the period of each stage.

7.4 Stage-5: alternate fallback mechanism

We found, based on user feedback and analysis of data (pre-
sented in the discussion section) that a large fraction of users
were unaware of the landline area codes of their locations.
Some remembered obsolete codes. We decided to try alter-
nate ways to fetch actual location names from the users using
the keypad.

@ Springer
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M Successful ® Failed

Calls that continued
till the third ASR attempt

Calls that ended
after the second ASR attempt

Calls that ended
after the first ASR attempt

Fig.4 Call success at various ASR attempts

7.4.1 DTMF divisions

Our biggest challenge was that we could not fit 139 district
names on a 10 digit keypad. One possibility is to increase the
depth of the input menu and provide the nine most popular
district names followed by “for more options press 0”. How-
ever, this would have required users whose districts were
least popular to choose the “more” option 15 times before
finally getting to their required district.

We, therefore, decided to go ahead with a different geo-
graphical classification. Pakistan has 5 provinces/states and
each of the provinces has less than 10 divisions (a division
consists of 3-5 districts). Therefore, by compromising on the
granularity of the location we were able to gather push-but-
ton based location input using just a two levels deep menu.
The user was required to first choose the province/state and
then the required division.

We also decided to make sure that all unique users con-
sistently back off to only one of these two modalities: areas
codes or divisions. These modalities were assigned to the
users randomly so that we could meaningfully compare the
contributions of these two modes towards call success rate.
The randomization algorithm made sure of balanced distri-
bution of users across the two treatments. We assigned each
user to the next treatment group (area code or divisions) in a
round robin fashion when they reached the error state (their
input was not recognized by the ASR multiple times or they
indicated that they have not been able to find the weather of
their desired location) for the first time. As the system has
no control over the order and timing in which the users call
it, the round robin alternate assignment adds users to each of
the two groups randomly.

7.4.2 Reduced ASR attempts

We also observed that the number of attempts to recognize
spoken input provided diminishing returns and also led to a
lot of frustration as users had to speak out the name of the
district repeatedly. Figure 4 shows that out of the 16,679
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calls between stages 1 through 4, 43% (7172) ended after the
first ASR attempt, 22% (3669) ended after the second ASR
response and the remaining 35% (5838) continued all the
way till the third attempt at speech recognition. However, in
terms of success, 35% (5838) of all calls (16,679) succeeded
in the first ASR attempt, 16.5% (2752) succeeded in the sec-
ond attempt and only 8% (1334) got successfully recognized
in the third ASR attempt (the remaining 4505 calls backed
off to area code input).

Clearly the chances of a correct recognition drop sig-
nificantly as the system reattempts speech recognition. It
is also clear that a significant percentage of calls continue
till the third ASR attempt (35% of all calls) of which only
22.8% (8% of all calls) is successfully decoded in the third
attempt. It was therefore decided to reduce the number of
ASR attempts to two before backing off to one of area code
or division input to reduce user frustration and salvage most
calls.

7.4.3 Results

As shown in Fig. 2, the call success rate in this stage climbed
to 96.3% (N=5731 calls and CI [96.09-96.58%]) from
90.6% (CI [89.99-91.23%]). Now 71% of the calls suc-
ceeded due to correct speech recognition, 11.6% succeeded
due to division back off, 7.3% succeeded due to area code
back off and the remaining 5.6% succeeded as the users
hung up after listening to the weather information of their
previously inquired district. The multiple words further
reduced to 21.5%, OOVs to 1.1% and incomprehensible
input remained at a very low 1.2% (Fig. 3).

8 Final interface design

As aresult of the above changes, we ended up with the inter-
face shown in Fig. 5. Calls start with traditional greetings
followed by a brief country-wide weather summary that
highlights unusual weather activity. Return users now hear
the weather for their most recently asked district. Next, users
are asked to say out the required district name. In case of a
recognition failure, they are informed about the exact cause
with examples of correct input. Users are allowed up to two
attempts of spoken input.

After successful recognition, the weather information is
played and users are asked if the system understood their
input correctly. Satisfied users are asked for feedback before
the calls end. In case of multiple recognition failures or dis-
satisfied users, the system backs off to push-button input:
area codes or divisions.

Users key-in their 3—4 digit landline area code and hear
the required weather information. In the case of invalid
input, users are allowed up to 2 attempts. If the failure
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| User places a call to the weather service |
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|Cu|tural|y appropriate welcome greetingsl

|Brief country-wide weather summaryl
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v
| Please record your feedback and suggestions |<—
v

|Cu|tural|y appropriate farewell greetingsl

Fig.5 Final interface design

persists, the system apologizes at not being able to recognize
the input and users are asked for feedback. In order to select
divisions, users first choose a province (5 choices) and then
a division (2 to 9 choices) before hearing the weather infor-
mation. In case of incorrect keypresses or no input, users are
informed about the error and are asked to try again for up
to two attempts. In case of a permanent failure, the system
apologizes. All calls terminate after asking for feedback,
thanking the user and traditional greetings.

9 User surveys

We called up 580 randomly selected users for a telephonic
survey. Out of these 335 answered and agreed to partici-
pate in the survey. The survey consisted of 21 questions as
shown in Table 3. Questions 1-5 and 21 were designed to
determine the demographics, literacy, and socioeconomic
status of the participants. The question regarding monthly
mobile expense was asked to get an estimate of socioeco-
nomic status. Participants were not asked about their gender
as this question is considered offensive in the local context
(participants get offended why the surveyor is unable to
determine their gender based on their voice). Participants’
gender was noted down by the surveyor on a binary scale.
Questions 6, 12—15 were designed to gauge the technology
use and access to alternate sources of information. Ques-
tions 7-9 were asked to find out the fraction of users who

Table 3 Telephonic survey

questionnaire # Question
1 What is your educational background and profession?
2 How old are you?
3 In which district do you reside?
4 Which language do you speak with your family?
5 Several users of the weather service are blind. Are you blind?
6 What type of phone do you use? Touchscreen (smartphone) or one with a keypad (feature phone)?
7 What is the number of your Union Council?
8 What is your PTCL area code?
9 What is the name of your division?
10 How is weather information useful for you? Why do you use the weather service?
11 How frequently do you use the weather service?
12 Do you use the internet?
13 Do you use Facebook or WhatsApp?
14 Other than this service, how can you find out about weather information?
15 Is the weather service better than other sources of information or not? (Participants are asked to
specify the reasons for their answers)
16 Does the service recognize the district names you tell it? (Yes/ No/Annoying/Not sure)
17 If it does not recognize your spoken input, what does it ask you?
18 Is the division/area code option better than the speech input? (Yes/No)
19 What do you like about the service? Any specific feature?
20 What do you Like to be improved about the service?
21 What is your approximate monthly mobile expense?
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Fig. 7 Literacy distribution of survey respondents

know their union council number, landline area code, and
division. Instead of posing these as yes/no questions, partici-
pants were asked to spell out this information to determine if
they are indeed confident about these details. Finally, ques-
tions 10, 11, 16-20 were designed to get usability feedback.

We found that only 3 out of our 335 respondents were
females. This came as no surprise as we expected most of
our users to be farmers and did not expect a large fraction
of females among this group. Their ages were distributed
across a wide spectrum as shown in Fig. 6. It was surpris-
ing to see 22% of our users with ages 41-50 years and 9%
above the age of 50. These ages are not considered typical
for new technology adoption. However, this also shows that
even very old users learn to use technology given that it
provides them with useful information. The 289 users who
responded to our question regarding their district, belonged
to 49 different districts. In terms of literacy, (Fig. 7), most
of our users had 6-10 years of education, which is typi-
cal for farmers in Pakistan. There were 14% users with less
than 5 years of education and 26% with more than 11 years
of education. These people were mostly either landowners
or people who were not associated with agriculture. This
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provides evidence for the usefulness of such services for
people beyond the primary intended audience. 71% of our
respondents had never used internet, and 75% had never used
WhatsApp and Facebook. Television was reported by 52%
of them as their alternate source of weather information.
However, television neither provides information that is nei-
ther highly detailed nor customized to their needs and local-
ity. 25% of the participants accessed weather information
over smartphones, while the rest reported word-of-mouth,
radio, and newspapers as their alternate source of weather
information. 77% said that the weather service better serves
their needs compared to other sources of information. When
asked for reasons, 84% praised its accuracy compared to
other sources, 14% pointed out that it allows them to access
weather information whenever needed compared to TV,
radio and newspapers which have fixed schedules. The rest
pointed out specific features like weather summary.

73% of all survey participants possessed simple and fea-
ture phones, while the rest had smartphones (locally referred
to as touchscreen phones). There were 67% farmers among
the survey participants. This confirmed our hypothesis that
personalized weather information is most useful for people
directly related to agriculture. Of the remaining 33%, we
found people associated with manual labor and construc-
tion (7%), shop owners, businessmen, teachers, students
and drivers (14.4%) and a handful of carpenters, mechanics,
and porters. 2.4% of the users were unemployed. 71% of all
contacted users, reported a monthly mobile expense of 500
Pakistani rupees (approximately $4), while 90% reported
less than 1000 rupees ($8).

The 290 participants who answered our question about
their district belonged to 49 different districts. 72% of these
districts were from the Punjab province, followed by 15%
from Khyber Pakhtunkhwa, 8% from Sindh and the rest from
other provinces. In terms of linguistic diversity, we found
that 56% of the contacted users conversed with their families
in Punjabi, followed by 23% Saraiki, 6.3% Pashto, 5.65%
Urdu, 4% Hindko and rest in Sindhi and Balochi. As Punjabi
and Saraiki are predominantly spoken in the Punjab prov-
ince while Pashto is spoken in Khyber Pakhtunkhwa, these
results confirm that most of our users come from the agricul-
tural districts in Punjab and the northern areas of Pakistan.
It is very interesting to note that only 5.65% of these users
reported Urdu as being their language of everyday conver-
sation. This clearly shows that Punjabi and Saraiki are bet-
ter options compared to Urdu as interface languages for the
weather service.

With regards to their knowledge of location identifiers,
we found that 61% of the respondents could tell their Union
Council number, 94% knew the name of their division and
60% knew their landline area code. Therefore, division is a
good fallback when district name is not recognized. There is
no clear winner between union council number and landline
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area code. However, there is a caveat that we could not verify
whether the self-reported identifiers were indeed correct as
we did not have any way of verifying the location of survey
respondent (beyond their self-reported locations).

In terms of service usage, 62% of all respondents men-
tioned that they use the weather service for professional
reasons, while the rest reported using it for general reasons.
21% of the respondents said that they use the service at least
once daily, 42% reported using it once or twice a week,
while 37% only on need basis.

Usability feedback was generally good. Except for 2
respondents, all other (268) respondents said that the ser-
vice is generally able to recognize their voice input. Only
4% of all respondents were happy with the DTMF fallback
while everyone else seemed more satisfied with the speech
input. The reason they mentioned was that the spoken input
is more convenient. These results are well aligned with Sher-
wani et al. (2009) who found that DTMF although leads
to better input accuracy as compared to speech input, yet
fails to yield higher user satisfaction. 97% of respondents
considered weather summary and the ability of the weather
service to remember their previous location, useful features.
Most of the respondents praised the service however, several
users also complained about the actual weather information
being inaccurate at times. Users also suggested new features
like weather forecasts spanning more than a week, weather
advisory over SMS for people who are out of cell coverage
during parts of the day, and wind speed forecasts.

10 Discussion and lessons

In this section, we will isolate the impact of interface
changes and compare across interventions.

10.1 Irrecoverable call errors

Between 8.7 and 10.4% of all incoming calls have irrecover-
able errors such as calls in which users do not provide any
input, there are network or call connection errors, users hang
up too soon, or recordings that just contain noise, are all con-
sidered to be irrecoverable. Figure 8 shows the percentage
of these calls over the stages of deployment.

10.2 Help for multiple word errors and OOVs

Figure 3 shows a gradual reduction in multiple word errors
and OOV words over the stages. The gradual improvement
is because the multiple word and OOV detection accuracy
improved each time we retrained the ASR with more field
data. Figure 9 shows the overall comparison of the percent-
age of recordings with these errors before (out of 10,131
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attempts) and after (out of 25,181 attempts) the error specific
help and example prompt was introduced.

10.3 Comparison of various forms of push-button
fallback

The two different forms of push-button fallback mecha-
nisms (area codes and divisions) were introduced to
recover from speech-recognition errors. We made sure
that each phone number was randomly assigned to one of
these two modes and this assignment was never changed
to draw comparisons.

The area codes option remained active for 6 months.
Overall 2172 calls backed off to this option after ASR
failures. Of these, 884 (40.6%) were correctly recognized
through area code. The back off to division option remained
active for 4 months. 862 calls backed off to divisions input
and of these, 780 (90.4%) were correctly recognized.

We investigated the reasons for the relatively low success
rate of area code input and found it to be lack of standardiza-
tion. Several locations have distinct area codes even though
they are not districts. We conducted a study to map all valid
area codes entered by users to their respective districts. We
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also found that several of our users did not know their area
codes.

Both fallback mechanisms have their own pros and cons:
area code fallback preserves the granularity of information
and does not require users to listen to detailed menus. How-
ever, it requires them to know their area codes and also has a
prerequisite that multiple districts should not share common
area codes.

Back off to divisions is very accurate and does not
require users to know anything other than their own divi-
sion. However, it reduces the granularity of location as
we cannot meaningfully fit 139 districts on the numeric
options of the keypad and have to resort to a higher level
administrative unit. We can of course, increase the depth of
the menu further and ask for the district information (3-5
per division). However, this was avoided as it increases
user interaction time resulting in an increase in the cost
of calls and also makes the interaction more complicated.

10.4 Logging user locations

This feature proved very useful in quickly conveying the
needed information to a large fraction of users. In 3040
calls, the weather for a previously recognized district was
played out of which, in 2853 (93.8%) calls users hung
up immediately afterward, without providing any further
input. This makes a lot of sense for regular users who just
want to know the updated forecasts for their locations.

In the future, we also plan to experiment with making
this option more sophisticated and remembering more than
one previous location for each caller. Users can choose
from a list of these locations via keypresses (or speech
input) at the beginning of each call. However, such levels
of customization with the target audience could also prove
too complicated.

10.5 Beep vs. no beep

Dialog Systems often prompt users to begin speaking
“after the beep”. We wanted to understand whether this
has any impact on the quality and completeness of speech
input for our target audience. We performed a randomized
controlled trial where a randomly selected set of 379 users
was always instructed to speak “after the beep”, while
another set of 379 users was always asked to “speak”,
without any mention of a beep. Barge-in was not config-
ured in both cases. The trial continued for 2 weeks involv-
ing 1562 phone calls.

The ASR was successful in decoding 55.8%
(CI[54.01-57.59%]) of recordings from users who were
never played a beep before recording while it correctly
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recognized 60.25% (CI [58.51-61.99%]) of the recordings
for users who were always asked to record after the beep.
We considered ASR success as it depends on the qual-
ity and completeness of recordings. Although there is no
major difference between the two arms, we still decided
to use “speak after the beep” version in WIS as it is most
commonly used in Dialog Systems.

10.6 No airtime subsidy

Most of the speech services for low-literate users are
designed using a “missed call” mechanism or toll-free
numbers to subsidize call airtime costs (Agha Ali Raza
et al. 2013; Vashistha et al. 2015). It is also reported that
the usage drops significantly as soon as these services dis-
continue airtime subsidy. In our case, however, the service
never subsidized airtime and users paid for the cost of calls
at standard rates (approximately 2 cents a minute). Despite
that, the usage remained fairly high. This shows that when
there are utility and possible financial benefits, users are
ready to bear airtime costs. Another reason could be that
users did not expect the service to be subsidized as it was
never introduced as a free service in the first place.

10.7 High accuracy speech recognition

During stage 1, the ASR performed at an accuracy of 93%
on DNC test data. Despite this reported high accuracy, the
call success rate came out a mere 37%. Even after data clean-
ing and retraining with field data in stages 2 and 3 when
the recognition accuracy of the ASR increased to 92% for
actual field data, it still remained responsible only for the
success of 64% to 69% of calls. The rest of the successful
calls succeeded due to push-button fallback mechanisms.
This clearly shows that even a highly accurate ASR has a
limited contribution to an overall successful Dialog System
and the user interface must also be inclusive to the target
users and their needs.

It is also interesting to note that the push-button divi-
sion’s option was able to successfully provide users with
correct weather information in 90.4% of the 862 calls that
reached that option. So, even with a poor ASR, this option
alone could have led to a high task success rate. We also
find that in stage 5, when the call success had increased to
96.3%, only 71.7% of the calls succeeded due to the success
of speech recognition. The rest were successful because of
push-button fallback mechanisms and logged location infor-
mation. A very high accuracy ASR, although very impor-
tant, is mostly not a sufficient ingredient of an effective
Dialog System for low-literate users. This is certainly true
in case of simple tasks where isolated-word speech recogni-
tion could be replaced by cleverly restricting the input to the
numeric keypad.
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10.8 Choice of interface language

Our telephonic user surveys revealed that Urdu was not the
language of everyday communication for 94.35% of our
survey respondents. Even though Urdu is the most widely
understood language in Pakistan (a country of 71 different
languages), we plan to incorporate multilingual interfaces
in our future deployments. Next to Urdu, the mostly widely
spoken language in Pakistan include Punjabi, Saraiki (in
Punjab), Sindhi, Baluchi, and Pashto. Most of the district
names remain same or similar across these languages how-
ever, the pronunciations of these names depict a lot of varia-
tion. Such variations may also account for the low initial and
overall ASR accuracy on field data. Our models might have
tuned better if trained for a single language (and accom-
panying district name pronunciations). As a first step, we
would need to enrich our dataset with such pronunciation
variations. One mechanism of enabling multilingual inter-
faces is to present a menu of language options at the start of
the interaction for all new users, and then use a recognition
model based on user’s choice. Another method is automati-
cally recognizing the native language (L1) of the user based
on their Urdu (L2) recordings and choose the appropriate
district-name recognition model.

10.9 User feedback

At the end of each call, the system asks each user to record
feedback and suggestions. Of the 2288 feedback recordings,
most (91%) were empty (noise, silence, incomprehensible).
Of the remaining 200 recordings, 64% contained praise and
expression of satisfaction. Some users also expressed why
the service is useful for them (it allows them to plan irriga-
tion, application of pesticides etc.). 5% expressed dissatis-
faction mostly because of weather conditions not being as
forecasted. In another 15% of recordings, users just spoke
out names of locations for which they wanted to know the
weather.

Most of the remaining recordings (16%) contained very
useful feedback and suggestions e.g. to include a coun-
try-level weather report (that was later added); to present
weather forecast for several days (instead of just 24 h); to
provide more detailed weather information and include
chances of rain; and to also provide weather information at
sub-district level granularity.

11 Conclusion and future work

In this paper, we report an HCI design intervention to
improve the task success rate of an existing weather infor-
mation service for low-literate farmers in Pakistan. Despite
very high accuracy speech recognition capabilities, the

pre-existing weather service performed poorly at task suc-
cess. Our intervention identified and improved interface
shortcomings that had prevented the service from becoming
more simple, robust and inclusive to tech-novice users. We
identified several features including multimodal input in case
of speech recognition failures, adaptability to ensure that
the service caters to the needs of repeat users, and context-
specific help as the crucial factors impacting task success.
We show that high accuracy speech recognition capability
for small vocabulary systems, although important, is not
sufficient for effective speech interfaces for hard-to-reach
users. In such cases, the speech recognizer can be supported
with a push-button fall back to salvage calls that would have
otherwise failed. Following our intervention, the service has
been the national weather hotline of Pakistan for the last
two years.

In the future, we plan to incorporate the SALAAM
method to elicit the division-level location information using
spoken input instead of DTMF. We also plan to find out the
impact of adding a third level to the hierarchy where the
user chooses a district within the selected division. Another
feature that we want to add to the interface is to remem-
ber several locations previously asked by users and to give
them the option to select from a list of these locations using
speech or DTMF input.

Data availability Speech corpus is available publicly'.
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