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Abstract

We present our ongoing research on improving the task
presentation using cognitively inspired features to opti-
mize the performance of crowd workers. For the task of
extracting text from scanned images, we generated three
task-presentation designs by modifying two features of
the task - visual saliency of target fields and working
memory requirements. Our experiments conducted on
Amazon Mechanical Turk (AMT) indicate that modify-
ing visual saliency results in better performance.

Introduction
In crowdsourcing platforms, requesters post a Human In-
telligence Task (HIT) online using a task template which
is taken up (at some point of time) by one or more work-
ers to solve. There is no direct interaction (physical or vir-
tual) between the requester and the worker. Because of
this asynchronous and anonymous nature of most crowd
platforms, extracting high quality work from a heteroge-
neous set of crowd workers has been a long-known prob-
lem. Existing attempts to improve quality include aggre-
gating responses from multiple crowd workers (Ipeirotis,
Provost, and Wang 2010), filtering workers using quali-
fication tasks (Biewald and Van Pelt 2011), and modify-
ing the structure of the task (Kittur, Chi, and Suh 2008;
Toomim 2011).

The goal of our ongoing project is to explore the effect of
cognitively-inspired task designs on the performance of the
crowd workers. We describe here the results from the experi-
ments conducted on Amazon Mechanical Turk (AMT) using
two cognitive features - a) visual saliency and b) working
memory in the context of a form digitization task.

Template Design
We focused on the task of extracting three fields (patient
name, injury, patient id) from a handwritten insurance form
as shown in Fig. 1, where the user needs to read the task de-
scription, identify the target field in the form, remember its
contents and type those contents into a target text box. We
generated multiple cognitively-inspired templates to reduce
the possibility of errors in each of these steps. We describe
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Figure 1: Sample form Figure 2: Highlighted form

below briefly theories and experiments that motivated our
design of the templates.

Visual Saliency
A region in an image is considered visually salient if it grabs
the attention of the viewer. Saliency is a complex function
of both low-level (e.g. color, contrast, orientation) and high-
level (e.g. task given to the viewer) features. In the digi-
tization task, we manipulated the visual saliency of target
fields by highlighting them (Fig.2). We hypothesized that
this would reduce the visual search required to identify the
target fields.

Working memory
Working memory is a limited capacity system that temporar-
ily maintains information and acts as an interface between
human perception, long-term memory and action. In the dig-
itization task, users need to hold the information from the
image in their working memory before they type it in the re-
sponse boxes. To evaluate the role of working memory, we
placed the response boxes near the fields the users are ex-
tracting as shown in Fig.3. We hypothesized that this would
reduce the need for the workers to commit all content to
working memory.

Experiments on Amazon Mechanical Turk
We conducted our experiments on Amazon Mechanical Turk
(AMT). The users had to extract three fields from an insur-
ance form - Patient Name, Patient Identification Number and
Patient Illness. The structure of the form was such that each
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Figure 3: Working memory was manipulated by altering the
location of the response boxes

of these fields had one distractor field with potential for con-
fusion: Member Name, Group ID, and Treatment Sought re-
spectively.

ID Description
T1 No Modification - Baseline Template
T2 Visual Saliency - Highlight fields
T3 Working Memory - Move responses boxes

Table 1: List of Templates

Design We generated three templates by varying visual
saliency and working memory as shown in Table. 1. The data
was collected over a period of four days. Each day a batch of
100 HITs were posted in AMT of a particular template type.
Each HIT was offered a payment of 2 cents. There were no
restrictions on the number of HITs that could be completed
by a participant. All the responses received were compared
against the ground truth data (manually generated) and the
payments were released.

Results
We used the length-normalized levenshtein distance be-
tween the response and the ground truth as the measure of
accuracy. We performed a linear mixed effects analysis of
the relationship between accuracy and the templates. The
template was entered as a fixed effect and subjects as ran-
dom effect. P-values were obtained by likelihood ratio tests
of the full model with the fixed effect against the model with-
out the effect.

For both Patient Name and Identification Number fields,
T2 performed significantly better than T3 (χ2(1, N =
800), p < 0.1) and T1 (χ2(1, N = 800), p < 0.05).
There was also a significant difference between T3 and T1
(χ2(1, N = 800), p < 0.1). For Patient Illness field, T2 per-
formed significantly better than T3 (χ2(1, N = 800), p <
0.05) and T1(χ2(1, N = 800), p < 0.05). However, there
was no significant difference between T3 and T1.

Discussion
Template T2, where the target fields were highlighted per-
formed best for all the fields. This is because the confu-

sion among the target and the distractor fields was mini-
mum in these templates. T3 had a positive effect for both pa-
tient name and patient ID (an eight digit alphanumeric e.g.
AB123456) fields, both of which do not carry a semantic
content. However, patient illness, being a semantically co-
herent field, was not affected by this working memory mod-
ification.

Conclusion
Our results demonstrate that different designs of task pre-
sentations result in significant differences in the crowd per-
formance. Both T2 and T3 yielded significantly better per-
formance than T1 for patient name and patient ID fields.
The performance of T2 was better than T3 for patient illness
field.

For a requester unfamiliar with the cognitive nuances of
task-presentation design, it is difficult to predict the perfor-
mance for a particular way of task presentation. The perfor-
mance also varies depending on the kind of platform, the
nature of the task, the time of submission etc.

Our motivation is to build a system to recommend task
templates to requesters. This system would learn how the
performance of crowd workers is affected by a set of cogni-
tive features and their interactions. The set of cognitive fea-
tures would be chosen so that they would apply to a broad
class of crowd-sourcing tasks. For instance, there could be
other cognitive features that could affect the performance in
digitization task such as number of search items, cognitive
bias of crowd workers etc.,

The goal of the learning process would be to optimize for
accuracy, response time, completion rate or any other signif-
icant metric for the requester. Based on this learnt model, the
framework would predict the performance of each template
(characterized by its feature set) in the particular crowd plat-
form. Consequently, given a new set of template, the system
can produce a ranked list of these templates based on the pre-
dicted performance, and recommend the best template for a
particular task. We envision that such a framework would
empower an enterprise user with a concise methodology for
selection of a task template that maximizes the return of in-
vestment, by saving time and improving quality.
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