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Abstract. Seeking the right level of help at the right time can support learning.
However, in the context of online problem-solving environments, it is still not
entirely clear which help-seeking strategies are desired. We use fine-grained data
from 38 high-school students who worked with the Geometry Cognitive Tutor for
two months to better understand the associations between specific help-seeking
patterns and learning. We evaluate how students’ help-seeking behaviours on each
step in a tutored problem are associated with their success on subsequent steps that
require the same skills. Analysing learning at the skill level allows us to compare
different help-seeking patterns within a single student, controlling for between-
student variations. Overall, asking for help on challenging steps is associated with
productive learning, and overusing help is associated with poorer learning.
However, contrary to many help-seeking theories, avoiding help (and failing
repeatedly) is associated with better learning than seeking help on steps for which
students have low prior knowledge. These results suggest that novice learners may
benefit from engaging in solution attempts before they can make sense of given
assistance. Methodological benefits for using local measures of learning are
discussed and comparisons are drawn to other forms of Productive Failure in

problem-solving.



Introduction

Knowing when and how to seek and apply help is an important part of self-
regulated learning (Aleven, Stahl, Schworm, Fischer, & Wallace, 2003; Azevedo,
Guthrie, & Seibert, 2004; Karabenick & Newman, 2009; Nelson-Le Gall, 1987;
Pintrich, 2004; Roll, Aleven, McLaren, & Koedinger, 2011c; Tang, Butler, Cartier,
Giammarino, & Gagnon, 2006). Classroom-based studies of help seeking offer
important insights into factors that affect students’ help-seeking behaviours and
outcomes. For example, several studies have demonstrated that obtaining the right
level of help at the right time (termed adaptive help seeking) improves learning
(Newman, 1994; Ryan, Patrick, & Shim, 2005). However, students in the classroom
often avoid asking for help. Among other reasons, it seems that social factors such as
embarrassment may deter students from seeking help (Karabenick & Newman,
2009; Ryan, Pintrich, & Midgley, 2001). Also, students often fail to recognize their
need for help (Kruger & Dunning, 1999; Roll, Aleven, & Koedinger, 2011a).

Theories of help seeking offer general guidelines for adaptive help-seeking
behaviours. For example, a key step in adaptive help seeking is to identify the need
for help (Karabenick & Newman, 2009; Nelson-Le Gall, 1987). However, identifying
the need for help is an elusive concept. It is a subjective judgement that depends on
knowledge level, actual and perceived difficulty of the problem to be solved, self-
efficacy and sense of competence, context, and goal orientation, to name a few
(Arbreton, 1998; Nelson-Le Gall, 1987; Ryan et al., 2001). Currently, there is no

comprehensive theory that offers an operational definition of “need for help.” For



example, what is the desired balance between help-requests and errors? While
students should avoid making errors too often, it is probably desirable for students
to make some errors, for example, for a student to self-assess her ability to solve a
certain class of problems (Roll et al.,, 2011a) or to risk the greater possible learning
benefit if unaided performance is successful (cf., Koedinger & Aleven, 2007).

Canonical theories highlight one intuitive principle - the lower the prior
knowledge, the higher the need for assistance (cf., Karabenick & Newman, 2009;
Wood & Wood, 1999). Wood and Wood (1999) found that errors were detrimental
to learning for low-achieving students, but not for high-achieving students. This
view is supported by the Worked Example literature, which suggests that novice
learners, but not experts, should be given problems together with their solutions
(termed “expertise reversal effect”; Sweller, 2006). However, other theories suggest
a more complex relationship between knowledge and help. For example, students
with low prior knowledge may not be able to make sense of given instruction
(Schwartz, Sears, & Chang, 2007). Specifically, the Productive Failure literature
describes a considerable number of instances where early failed attempts are more
productive than receiving guidance (Kapur & Bielaczyc, 2012; Mathan & Koedinger,
2005; Needham & Begg, 1991; Roll, Aleven, & Koedinger, 2009; Schwartz & Martin,
2004; Shih, Koedinger, & Scheines, 2010; Westermann & Rummel, 2012). It may be
that in some situations, novice students do not have the tools to encode the

information given in help in a way that assists their learning.



Help Seeking in Online Problem-Solving Environments.

Help seeking in online problem-solving environments (such as Khan Academy
practice problems or homework sites) has different characteristics from help
seeking in traditional classrooms (Aleven, in press; Aleven et al., 2003). Mainly,
when individual students work with computers, students’ help requests may not
carry as much of a social price tag as asking a teacher for help in front of the whole
class. Also, problem-solving environments often include a simplified help
mechanism that asks students to raise a flag, but does not require them to explicitly
identify their knowledge gap. Instead, the online environment offers hints which are
contextual to the relevant problem. Within the current paper we look at a specific
type of a problem-solving environment, called Intelligent Tutoring Systems (ITS;
Koedinger & Corbett, 2006; VanLehn, 2006). ITS include models of the learner and
the domain. These models allow ITS to estimate students’ knowledge level of the
relevant skills at each moment.

Investigating student help seeking in the context of ITS provides a useful
microcosm for examining the effect of help on learning and for identifying
productive patterns of help usage. First, ITS keep detailed traces of students’
behaviours. These traces can be used to identify patterns in students’ moment-by-
moment choices and offer an opportunity to study help seeking at a much finer
grain-size (Aleven, Roll, McLaren, & Koedinger 2010; Perry & Winne, 2006; Roll et
al., 2007b). Second, ITS keep a record of students’ performance at the domain level.
This information can be analyzed to infer salient factors in learning and help

seeking, such as students’ knowledge level (Corbett & Anderson, 1995; VanLehn



2006). Last, tutored problem-solving environments offer a well-defined context for
learning, and thus reduce the number of factors that affect students’ help seeking.
For example, built in help-seeking mechanisms offer specific ways in which help can
be sought, and streamline the form and content of the given help (Wood & Wood,
1999; Aleven et al,, 2003; 2010; Roll et al., 2007b).

The need to better understand students’ online help seeking, and the
opportunity to study it in well defined environments, led to an increased interest in
studying online help seeking. Arroyo and colleagues created a statistical model that
uses information about students’ help seeking to infer their attitudes towards help
(Arroyo, Murray, Woolf, & Beal, 2004). Guo and colleagues attempted to improve
students’ help seeking using explicit instruction, though their scaffolding ended up
producing more maladaptive behaviours (Guo, Beck, & Heffernan, 2008). Last,
metacognitive feedback used by Roll and colleagues led to transferable
improvement in students’ help-seeking behaviours in intelligent tutoring systems
(Roll etal., 2011c).

Fewer studies have attempted to associate specific help-seeking patterns and
learning in problem-solving environments, and the picture that they draw is
inconclusive. Multiple correlational studies have found that using help resources is
correlated with learning (Aleven et al., 2003; Beck, Chang, Mostow, & Corbett, 2008;
Roll et al., 2011c; Wood & Wood, 1999). However, while Luckin and Hammerton
(2002) found that effective learners seek more and deeper help, Matthew and
Mitrovic (2008) found that more help corresponds with shallower learning. Shih,

Koedinger, & Scheines (2008) estimated student reflection time after receiving



detailed hints and before moving to the next problem step and found that longer
reflection is associated with greater learning. Most correlational evidence supports
a contingent-help hypothesis according to which the level of help sought should be
negatively correlated with students’ knowledge of the relevant domain (Roll et al.,
2011c; Wood & Wood, 1999).

To date, very few studies have attempted to establish causal relationships
between specific help-seeking patterns and learning in problem-solving
environments. Those who did have often found that the correlational results
presented above are overly simplified. Renkl and colleagues found that giving hints
in the form of instructional explanations in an example-based learning environment
improves learning gains (Renkl 2002; Schworm & Renkl, 2006). However, they also
found that hints had a negative effect on students who were prompted to self-
explain the examples (Schworm & Renkl, 2006). In previous work we found that
students who received feedback on their help-seeking actions improved their
subsequent help-seeking behaviours (Roll et al., 2011c), yet did not learn better at
the domain level (Roll, Aleven, McLaren, & Koedinger, 2006; 2007a). In other words,
a set of help-seeking patterns was found to correlate with learning, but supporting
students in applying it more frequently did not contribute to their domain-level
learning gains. Put together, these results suggest that our understanding of help
seeking in problem-solving environments leaves more to be desired.

Our main research question in this paper is the following: What are the
relationships between specific help-seeking patterns in problem-solving

environments and learning? Common to the studies presented above is their unit of



analysis - the student. One limitation to this approach is that factors at the student
level may be driving both help-seeking patterns and learning outcomes,
contributing to the contradictory findings seen across studies. In the research
presented in this paper, fine-grained data from the ITS are used to reduce the unit of
analysis from student to the specific problem steps solved by each student. This
level of analysis allows us to compare different patterns within each student, thus
controlling for between-student factors.

Our secondary question seeks to understand the role of help in situations in
which students have low prior knowledge. These situations are interesting as
leaners with low prior knowledge are the least likely to seek help adaptively
(Karabenick & Newman, 2009; Ryan et al., 2001). Does help correlate with learning
on problems that require novel skills, or are students better off gaining more
experiences, even through failure, before they can make sense of the given
scaffolding?

To answer these questions, we first describe the Geometry Cognitive Tutor, a
commonly-used problem-solving environment that is the context for our
investigation. We then describe our metrics for assessing learning and for
classifying students’ help-seeking actions to different patterns of behaviours. We
detail the results of analyzing help-seeking data from the Geometry Cognitive Tutor,
and discuss their implications for theories of help seeking in problem-solving

environments.



The Geometry Cognitive Tutor

We focus our investigation of students’ help seeking on data from the Geometry
Cognitive Tutor, a commercial ITS for Geometry at the high-school level. Tutors in
the Cognitive Tutor family are used by 350,000 students in US schools each year
(Koedinger & Corbett, 2006). Thus, understanding students’ help seeking in this
context may have practical implications for learning, as well as theoretical
contributions to understanding online help seeking. The Geometry Cognitive Tutor
is a tutored problem-solving environment. Most of the interaction takes place in the
Scenario Window (Figure 1, on the left). The tutor breaks down each problem into
sub-goals, or steps, and students advance one step at a time. The Geometry Cognitive
Tutor gives students immediate feedback on their solution attempts and students
who entered a wrong answer to a step are required to correct it before moving to

the next problem.

- - - Insert Figure 1 about here - - -

The Geometry Cognitive Tutor uses the Bayesian Knowledge-Tracing
algorithm to evaluate students’ level of mastery of each of the relevant skills
(Corbett & Anderson, 1995). Each problem step in the tutor is mapped onto the
skills that are required to solve it. Data from a student’s performance on each skill
across problems allow the tutor to infer the student’s knowledge level of each

specific skill. Examples of skills are working with interior angles between parallel
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lines, or adding up two angles. Students can see their estimated proficiency on each
skill in the Skillometer window (top-right corner of Figure 1).

The Geometry Cognitive Tutor has two help mechanisms. The first is a
searchable knowledge base in the form of a glossary (bottom-right corner of Figure
1). Students can browse the glossary and see definitions and examples for the
relevant terms and theorems. The second help mechanism is contextual hints. A
student can ask for hints by clicking on the “?” button in the Scenario window. The
given hints are specific to the problem step that the student is working on at that
time. Several levels of hints are available for each problem step, as demonstrated in
Table 1. The first few hint levels are principle- (or rule-) based. Higher levels of hints
become increasingly elaborated and instantiate the general rule within the problem
at hand (Aleven & Koedinger, 2000). The last hint level essentially gives the answer in
order to prevent students from getting stuck and to convert a too-challenging problem to a
worked-out example. Each hint request begins with the most general hint and

students are free to browse the different hint levels.

- - - Insert Table 1 about here - - -

Local Measures of Learning

Studies of online help seeking face a chicken-and-egg problem: Do the identified
help-seeking patterns increase learning, or do good learners apply the identified
help-seeking patterns? One option is that the identified help-seeking patterns cause

learning. However, an alternative is that good learners apply productive strategies
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that are unrelated to help seeking, and also apply the identified help-seeking
patterns. In the latter case, help-seeking patterns may be associated with learning
while not contribute to learning. One of the challenges in answering this question is
that of grain-size. As long as our measure of learning is at the student level, avoiding
the chicken-and-egg problem is impossible, as a common factor at the student level
(such as motivation or reading-comprehension ability) may determine both
learning and the use of certain help-seeking strategies. Instead, comparing
alternative strategies (or patterns) within students eliminates between-student
variations. Rather than evaluating students’ overall behaviour, we can compare
different patterns that each student applies to different problem steps. At the risk of
abusing the analogy, comparing omelettes from different eggs laid by the same hen
can tell us whether the quality of the omelette (or learning) depends on the egg
(help-seeking behaviours) or the hen (stable student factors). Thus, the challenge is
to differentiate learning from different patterns of behaviour of a single student.

A student’s actions on a certain step affect her success on the next step that
requires the same skill. Thus, the quality of a student’s help seeking could be
evaluated by measuring the improvement from the current problem step to the next
one that requires the same skill. For example, the student in Figure 2 first makes an
error on the left Square, asks for a hint, gets it right, and moves on to the Triangle
problem. The quality of this process can be evaluated by looking at the student’s
performance on the second Square problem. A correct answer on the first attempt of
the second Square problem suggests that the student’s actions on the first Square

problem were productive. We refer to this approach as a local measure of learning.
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Interestingly, this approach separates “successful” from “productive”, as certain
behaviours may lead to failed attempts on the current step, yet improved learning as
measured by performance on future steps. Unlike several studies that focused on
evaluating the help resources (cf. Beck et al., 2008; Baker et al., 2009), in this paper
we evaluate help seeking from the student perspective, that is, which help-seeking

patterns are most productive.

- - - Insert Figure 2 about here - - -

Classifying help-seeking patterns

One of the challenges in evaluating help seeking is the complexity of students’ help-
seeking behaviours. Each hint request (or lack thereof) should be interpreted in
light of other factors such as the time that students took before asking for the hint,
while reading it, and prior to attempting to solve; the level of hint that they asked to
see; their estimated knowledge level; etc. Thus, our first step was to identify and
classify help-seeking patterns in the interaction data. We do so using the Help
Seeking Model (HSM; Aleven et al., 2006; Roll et al., 2011c). The HSM is a cognitive
model applied to a metacognitive domain and it reflects contemporary theories of
help seeking. According to the HSM, students should attempt to solve a step only if
they think that they know how to do so. Students who understand the problem but
are not sure how to solve it should search the glossary. Students who do not even
understand the problem should ask for a hint. Last, students who made an error

should reflect on their error. They should then ask for a hint or attempt again,
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depending on their understanding of their error (see Figure 3). The complete model
includes several parameters such as estimated skill level (e.g., the problem requires
a new skill, as estimated by the Geometry Cognitive Tutor), recent history on the
same problem step (e.g., the student has already seen 1/3 of the available hints, but
has not tried to solve the problem step yet), time to take the action (in seconds), and

context (e.g., the student has just searched the glossary).

- - - Insert Figure 3 about here - - -

The HSM classifies each student action using 80 production (if-then) rules.
This information can be aggregated to classify each student action as one of three
types: Desired Help refers to actions that conform to the desired set of behaviours, as
identified by the model. Help Abuse refers to using help in excess of the estimated
need. One form of Help Abuse is often referred to as “clicking through hints.” This
behaviour describes a student who asks for a hint, but rather than spending enough
time to read it, immediately asks for additional hints until she reaches the bottom
out hint that conveys the answer. This behaviour allows students to obtain the
answer to the relevant step without thinking through the material (cf. Baker,
Corbett, Koedinger, & Wagner, 2004). A second form of Help Abuse is asking for help
instead of trying, for example, when the student is estimated to know the relevant
Geometry skill. The third category of behaviour, Inappropriate Attempts, refers to
patterns in which students try hastily. This family includes two main classes: trying

to solve when help would probably be more beneficial, and guessing rapidly rather
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than taking time to think about the problem at hand (cf. Baker et al., 2004). Given
the fluid nature of these constructs (e.g., “sense of familiarity”), the model allows for
a wide range of behaviours in any situation, and only flags about 1/6 of the actions
as Help Abuse or Inappropriate Attempts (Roll et al., 2011c).

For each student on each observed problem step, the Geometry Cognitive
Tutor estimates the student’s proficiency level on the relevant Geometry skill. While
the estimate of the tutor is a value between 0 and 1, the HSM simplifies this value to
three levels: High-Skill steps refer to steps on which the Geometry Cognitive Tutor
estimates that the student can solve the problem without additional assistance
(Pxnow > 0.6). Med-Skill steps refer to steps in which students are estimated to have
medium proficiency (0.4 < Pxnow < 0.6). Last, Low-SKill steps refer to steps on which
students are estimated to require the most assistance (Pxnow < 0.4). The thresholds
between the levels were previously determined by looking to maximize correlation
with learning, minimize rate of actions that are flagged as inappropriate, and
minimize sensitivity to small variations in the estimated parameters (Aleven et al.,
2006). Notably, the HSM prescribes different actions depending on the estimated
skill level. For example, students on High-Skill steps are expected to try again after a
single error, while students on Low-Skill steps are expected to ask for a hint, with all
other aspects of the two situations held constant (Aleven, Roll, & Koedinger, 2012).
Also, while students on High-Skill steps are not predicted to require more than 1/3
of the available hint levels, the same students on Low-Skill steps are expected to use

all available hints.
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Construct validity of the HSM was established by correlating its classifications
with paper-and-pencil assessments of help seeking (Roll et al., 2011c). External
validity was established by correlating the models’ classifications across topics and
populations (Roll et al., 2005). Last, predictive validity was established as the HSM

successfully predicts pre-to-post learning gains (Roll et al, 2011c).

Method

Design

We evaluate students’ help-seeking behaviours in the Geometry Cognitive Tutor by
classifying students’ actions using the HSM and by identifying which patterns of
behaviours are associated with learning, contingent on estimated skill level.

Each problem step in the Geometry Cognitive Tutor is solved through a
sequence of attempts, hint requests, and glossary searchers. The last action on each
step is always the correct answer - the tutor does not let the student proceed until a
correct answer is obtained. Since the HSM classifies each of these actions, we can
calculate the rate of Desired Help, Help Abuse, and Inappropriate Attempts for each
student-step pair (that is, for each problem step that each student solves). Figure 4
shows an example of this calculation. The first action of the student is to try to solve
the step (row #2, a Desired Help action according to the model). The student gets it
wrong and tries again, this time too rapidly (row #3, an instance of Inappropriate
Attempt). Her second attempt is also incorrect, so she asks for three rapid hints,
until she receives the bottom out hint (rows #4-6, instances of Help Abuse). The

student reads the bottom-out hint and eventually applies it to solve the problem
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(row #7, a Desired Help action). Therefore, the rate of Desired Help is 33% (2
actions out of 6), the rate of Help Abuse is 50% (3 actions out of 6), and the rate of

Inappropriate Attempts is 17% (1 action out of 6).

- - - Insert Figure 4 about here - - -

A productive solution process improves a student’s ability to independently
solve the subsequent problem step that requires the same skill. A correct first
attempt on the subsequent step suggests that the student learned the skill; a help
request or an error, as a first action, suggest that the student still lacks
understanding of the target skill (as seen in row #12 in Figure 4). Given that
students engage in a variety of behaviours in the course of using the Geometry
Cognitive Tutor, assessing each solution process locally controls for other factors
such as student-, time-, or problem-specific characteristics.

Notably, steps that students got correct on their first attempt were eliminated
from the analysis. These steps do not offer an opportunity to study students’ help-

seeking strategies, as they last only one action - the correct first attempt.

Participants

We used data from a previous study that used the HSM (Roll et al., 2007a). The
analysis in this paper includes only data from the 38 students in the Control
condition of that study, who worked with an unmodified version of the Geometry

Cognitive Tutor.
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Data were collected over two months in a rural vocational high school in
Western Pennsylvania (3% minorities; 25% mathematical proficiency on
standardized state exams; 69% to 31% male-to-female ratio). The students were
enrolled in two Geometry Cognitive Tutor classes, taught by two different teachers.

All students were accustomed to the Geometry Cognitive Tutor and its interface.

Materials and Procedure
Students in the study used an unmodified version of the Geometry Cognitive Tutor
with enhanced logging. The enhanced logging kept traces of students’ actions at the
transaction level and the HSM rules that applied to each transaction.

Students worked individually with two units in the Geometry Cognitive Tutor:
Angles and Quadrilaterals. The units were studied for one month each with a month-
long break in between (due to standardized testing). Students progressed within

each unit at their personal pace.

Analysis
To associate students’ help-seeking behaviours with success on subsequent steps

we evaluated the following logistic regression model:

Log-0dds(Student; correct on Opportunity.1) for Skill;) = Bo + B1i*Student; +

B2;*Skill; + B3*HsPatternRateijx

(Student; correct on Opportunity+1) for Skill;) receives 1 when the student

answers the subsequent step that requires the same skill correctly on first attempt,
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and 0 if the student makes an error or asks for a hint. B is the Intercept (baseline
correctness). Bij adjusts the baseline per student (and accounts for between-student
variations). Bzj adjusts the baseline per skill (as some skills are harder to learn than
others). Last, B3 evaluates the contribution of the relevant help-seeking pattern. We
fit a separate model for each pattern (Desired Help, Help Abuse, or Inappropriate
Attempts). We report the slope (B3), error (SE B), odds ratio (eB), Z value, and p
value from the relevant logistic regressions. B3>0 suggests that there is a positive
relationship, such that a higher rate of the specific pattern corresponds with a
higher success rate on relevant next steps. A somewhat more intuitive
interpretation of the results is suggested by the odds ratio, eB. An odds ratio of 1
corresponds to no effect. Odds ratio bigger than 1 corresponds to a positive effect,
and values between 0 and 1 correspond to a negative effect.

First, we describe the overall association between Desired Help and local
learning. Then, we dive in to evaluate the relationship between all three patterns
(Desired Help, Help Abuse, and Inappropriate Attempts) as a function of students’
knowledge level on the relevant skills: high (i.e., approaching expertise), medium,

and low (novice).

Results
Overall, students in the study performed 44,008 actions in 25,105 problem steps.
After eliminating problem steps that students solved correctly on their first
attempts (which therefore offer no meaningful help-seeking behaviour), we were

left with 25,337 actions in 6,434 problem steps. Of these steps, 4,590 problems
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steps (71% of the steps that students did not solve correctly on first attempt) were
followed by correct first attempts on the subsequent steps that require the same
skill; 1,844 problem steps (29%) were followed by errors or initial hint requests on
the subsequent problem steps that require the same skills.

The rate of students’ help-seeking behaviours as a function of their estimated

skill level is shown in Table 2.

- - - Insert Table 2 about here - - -

Overall, the rate of undesired help-seeking behaviours is relatively low on
problem steps on which students had medium- and high-skill levels. At the same
time, the rate of undesired help seeking on low skill-level steps is much higher -
38% of students’ actions on steps for which they lacked sufficient knowledge were
deemed as unproductive (not counting actions where students were correct on their
first attempt, which are omitted from all of the below analyses). The data especially
suggest that students try to solve too often on Low-SKkill steps. The 28% of actions
that were labeled Inappropriate Attempts were all erroneous solution attempts, as
correct attempts are labeled Desired Help. Students possibly engage in a high rate of
Inappropriate Attempts on Low-SKkill steps because they over-estimate their ability
(Roll et al., 2011a). Kruger and Dunning (1999) refer to this situation as “unskilled
and unaware of it.” It is also important to reiterate that the definitions of Help Abuse
and Inappropriate Attempts are different for different skill levels, as described in

the section Classifying Help-Seeking Patterns.
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Desired Help-Seeking Behaviours and Learning
The rate of Desired Help was a significant factor in students’ ability to correctly
solve the subsequent problem step requiring the same skill on first attempt: B =
0.37; SE(B) = 0.15; eB=1.45; Z = 2.52; p =.01 (as a reminder, all successful solution
attempts are defined Desired Help, in addition to desired unsuccessful attempts and
help requests.) The odds-ratio (eB) offers us a somewhat intuitive interpretation of
these values. A student who performs nothing but Desired Help actions has 45%
higher odds to get the next step correctly, compared with a student whose actions
were not classified as desired. Converting to probabilities, a student who has a 50%
chance of learning (that is, getting the next step correctly) without any desired help-
seeking behaviour has a 59% chance of getting the next step correctly if all her
actions are desired.

However, including all actions in this analysis ignores skill level. Thus, we
repeated separate analyses for each of the three groups of skill levels, separately, as

seen in Table 3.

- - - Insert Table 3 about here - - -

Engaging in desired help-seeking behaviours is a significant predictor of
success on subsequent attempts for students on High- and Med-Skill steps, as shown
in Table 3. If a student has a 50% chance of getting the next step right without
engaging in desired help-seeking actions, these chances climb to 69% and 73% for

High- and Med-SKkill steps respectively. Yet, the rate of Desired Help is not a
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significant predictor of success on subsequent attempts on problem steps for which

students are estimated to have low skill-levels.

Types of Help-Seeking Errors

To evaluate the association between undesired behaviours and success rate on
subsequent steps we calculated separate regression models for Help Abuse and
Inappropriate Attempts. Table 4 shows whether engaging in each of these patterns

is associated with success on the subsequent step, as a function of skill level.

- - - Insert Table 4 about here - - -

As shown in Table 4, Help abuse is clearly associated with poor learning across
all skill levels. If a certain student has a 50% chance of learning from a certain step
without any instance of Help Abuse, this rate drops to 14%, 7%, and 19% on High-,
Med-, and Low-SKkill steps, respectively, for a student who only engages in Help
Abuse.

The rate of Inappropriate Attempts is a significant predictor of lack of success
on the next attempt only on Med-SKkill steps, but not on High- or Low-SKkill steps. In
fact, a high rate of Inappropriate Attempts on Low-Skill steps is associated with
improved learning, as measured by students’ success on relevant subsequent
attempts. Compared with a student who has a 50% chance of learning from a certain
step without any inappropriate attempts, a student who engages in Inappropriate
Attempts on Med-Skill steps has only a 31% chance of learning, while the same

behaviours on Low-Skill steps correspond to a 68% chance of learning.
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Discussion
The data presented above include all problem steps on which students made an
error, and thus had some room for improvement. In these situations, students could
either exploit help (Help Abuse), ask for just enough help (Desired Help), or avoid
help (Inappropriate Attempts). Overall, desirable help-seeking actions, as captured
by the HSM, correlate with better local learning, as assessed by students’
improvement from the current step to the next step on the same skill. This is
predictable, as the HSM was designed to capture adaptive help-seeking behaviours,
and given that it was previously validated (Aleven et al., 2006; Roll et al., 2011c).
Also, the results above clearly show that a higher rate of Help Abuse is associated
with poorer local learning across all skill levels. That is, students who abuse help
and avoid engaging with the problem are not likely to succeed on following problem
steps involving the same skill. These findings give a partial answer to our main
research question: while some help use is productive, over-using help seems to be
detrimental to learning.

However, a closer investigation of students’ help-seeking patterns tells a more
complex story. Specifically, students who attempt steps for which their estimated
skill level is low may benefit more from failed attempts than from asking for help.
Putting it differently, some assumptions about help appropriateness appear to be
least valid in the situations in which students need the most support. Several

explanations are suggested further below.
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Help-Seeking Patterns on Med- and High-SKill Steps

Desired Help was associated with learning on Med-SKkill steps, and Help Abuse and
Inappropriate Attempts were associated with lack of learning on these steps. This
suggests that adaptive help-seeking behaviours, as defined by the HSM, are most
productive on steps that require skills that students have begun learning, but have
not mastered yet: On one hand, students have room for improvement; on the other,
they know enough to make sense of the given assistance. It seems that the available
help in the Geometry Cognitive Tutor matches students’ needs and capabilities on
these steps.

Interestingly enough, Inappropriate Attempts were not associated with
learning on High-Skill steps. At the same time, Desired Help was associated with
increased learning. Desired Help on High-Skill steps included asking for low levels of
(rule-based) help after repeated errors. Seeking help in these situations leads to a
substantial increase in success on the next opportunity even in High-Skill steps.
Abusing help, on the other hand, was associated with reduced learning also in High-

Skill steps.

Help Seeking on Low-Skill Steps

As was the case on Med- and High-Skill steps, abusing available help was strongly
associated with poorer learning also on Low-Skill steps. However, a higher rate of
Inappropriate Attempts was significantly associated with a higher success rate on
subsequent steps. In fact, Avoiding help on Low-SKkill steps by attempting (and
failing) to solve was found more productive for learning than asking for help. This

result gives a somewhat surprising answer to our second research question, which



24

focused on ideal help-seeking patterns among novice learners. It is important to
understand the roots of the positive relationship between seemingly inappropriate
attempts and learning on Low-SKkill steps.

One possible explanation is that the cause and effect are reversed. Students did
not learn because they avoided help - but rather, they avoided help since they knew
these skills better than the Cognitive Tutor estimated. Perhaps there was a selection
effect according to which students avoided help when they were more competent,
leading to a correlation between Inappropriate Attempts and learning. However,
higher competence suggests that many Inappropriate Attempts should have been
correct attempts - but all actions that were labeled Inappropriate Attempts were
wrong solution attempts. These are instances of students who try and fail, and it
seems that misattribution of skill levels does not explain the observed pattern.

A second potential explanation looks at our outcome variables. While the
current paper uses a fine-grained assessment of learning, other results suggest that
avoiding help is associated with reduced learning in the long term. For example,
Baker, Gowda, & Corbett, (2011) found evidence indicating that students who avoid
help, and keep attempting and failing, do more poorly on later tests of transfer.
However, Baker and colleagues looked across all skill levels, and a similar analysis
found a similar trend also in the current paper. It is only when looking specifically at
low-skill steps that the positive relationship between failed attempts and learning is
detected. Alterantively, the help-mechanisms of the Geometry Cognitive Tutor may
assist students in developing conceptual understanding of the material that does not

manifest in immediate procedural improvements.
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A third explanation suggests that some of the help that is offered by the
Geometry Cognitive Tutor may not be helpful. Notably, the same help resources that
did not aid students on Low-Skill steps were helpful to the same students on Med-
Skill steps. On steps on which students had basic knowledge, using help when
needed contributed to learning more than floundering. It is only when students had
low skill-level that using help was found unhelpful. Other forms of help (such as
Worked Examples) may be more suitable for students in these situations. It is
important to remember that students who avoided help still received some
scaffolding, as the system flagged their errors on their failed solution attempts.
While students may have chosen not to receive assistance, the system gave them

clear visual cues that their answers were incorrect.

Productive Failure in Geometry Problem Solving

The finding that failed attempts are preferable on Low-SKkill steps and help requests
are preferable on Med-Skill steps resembles other activities in which failed attempts
create a “time for telling” (Schwartz & Bransford, 1998). Early failures may provide
valuable learning experiences, even though they do not lead to immediate successful
completion of the problem (Kapur, 2008; Roll, Aleven, & Koedinger, 2009; 2011b;
Schwartz & Martin, 2004; Westrmann & Rummel, 2012). It may be that students on
Low-Skill steps benefit more from their own struggle, rather than from learning
from instructional explanations. The Productive Failure literature further
demonstrates that students who attempt multiple solution approaches, albeit failed

approaches, learn more from students who attempt fewer solution approaches
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(Kapur, 2012; Wiedmann, Leach, Rummel, & Wiley, 2012). Thus, learning from
repeated errors may be more significant than learning from a single error.

We may be underestimating the dependency of learning from help on prior
experiences. In order to learn from given explanations, students should interpret
these correctly and extract the general principles in a manner that is transferable to
subsequent problem steps. Perhaps students who asked for help on Low-SKkill steps
could not make sense of it, or perhaps they were able to apply it to the problem at
hand but not to generalize across multiple problems. Within the context of problem-
solving environments, previous research has found that detailed instructional
feedback may improve students’ performance on the problems without improving
their learning as assessed at post-test (Anderson, Corbett, Koedinger, & Pelletier,
1995; McKendree, 1990). Furthermore, at times, instructional explanations may
hamper learning by deterring students from self-explaining their own answers
(Mathan & Koedinger, 2005; Schworm & Renkl, 2006; Shih et al., 2010). Thus,
attempts on Low-Skill steps may give students valuable experiences with which they
can interpret and ground subsequent instruction (Schwartz et al., 2007). At the
same time, students who struggle on Med- and High-Skill steps have already had
these expository experiences and are ready to be told (Schwartz & Bransford, 1998).
Additional research is required to better understand the relationship between
actions labeled as Inappropriate Attempts and learning on Low-Skill steps. Were
students able to eventually solve these steps by themselves (hinting at a potential
generation effect; McNamara & Healy, 2000), or was help more helpful after several

failed attempts? Simply put, which failed attempts are productive?
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On the Use of Fine-Grained Data

The results described in this paper demonstrate how the use of fine-grained data
can inform theories of help seeking in problem-solving environments. The HSM uses
data at the transaction level to evaluate learning and help-seeking behaviours. While
the use of fine-grained data is common with machine-learned models (cf. Baker &
Yacef, 2009), the work described here uses a rational cognitive model (that is, an
interpretable computational model that was built top-down, grounded in theories of
help seeking). Such concrete theorizing allows us to evaluate complex patterns of
behaviour in a hypothesis-driven process and facilitates more precise and clear
interpretations of results.

The use of fine-grained data allows us to control for between-student
variations. Yet, within-student factors may affect its findings. Especially, there may
be a selection effect that is not captured by the analysis. For example, we do not
know what causes students to avoid, use, or abuse help. Experimental approaches

are needed to close the loop.

Limitations and Future Work
The analysis presented in this paper identifies one dimension that affects the
usefulness of help, namely, students’ knowledge level of the relevant domain-level
skills. Additional factors such as motivation, type of help given, and type of task
should also be investigated.

Another limitation of this work is its scope. Analysis was done with one
sample of students on two Geometry topics within the same tutoring environment.

Notably, the Geometry Cognitive Tutor is an ITS, and as such it maintains an
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estimate of students’ knowledge level on each skill. The validity of the findings in
other kinds of online environments is yet to be evaluated. There are good reasons to
assume that the results generalize to other problem-solving environments with
similar help mechanisms. Our analysis evaluates learning from static problem-
specific hints (“static” in the sense that the hints do not adapt to students’ levels). A
large variety of online environments offer similar help mechanisms, such as Kahn

Academy tutorials (www.khanacademy.org), Mastering Physics

(www.masteringphysics.com), or ASSISTments (www.asssitments.org). Given the

similarity in the behaviour of the help mechanisms across these environments, it is
likely that our findings apply also to these environments. It is still unclear, though, to
what extend our findings apply to interactive learning environments with other help
mechanisms such as learning resources (as in Coursera’s MOOCs) or conversational
agents (as in River City). Evaluating help seeking with data from a variety of
domains, problem-solving environments, and student populations is warranted.
Last, more research is needed to better understand the relationship between
local learning and long-term gains on assessments of near- and far-transfer. Analysis
at the skill level should establish that successful local learning correlates with pre-
to-post gains on the same skills, and should highlight areas in which these two

measures differ.

Conclusion
The work presented in this paper uses fine-grained data in order to associate

specific help-seeking patterns with learning in a manner that is not possible with
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more coarse measures (such as learning gains from pre- to post-tests). Specifically,
we assessed learning locally by measuring students’ ability to correctly solve a new
step that requires the same skill as a current step. Our results reaffirm the
important role that help seeking plays in learning in highly structured learning
environments such as tutored problem-solving environments.

The analysis presented above suggests several conclusions regarding students’
help-seeking behaviours. First, over-using help is associated with lower learning
gains across all skill levels. Second, it seems that on steps on which students are
proficient (High-Skill steps), avoiding help has little effect on learning. This makes
sense, as students should already be knowledgeable enough to solve these steps
without additional assistance. On steps on which students are somewhat familiar
with the required skill (Med-Skill steps), avoiding help is associated with poor
learning, and it is important that students use available help when they struggle.
These steps have two important features that make help useful: First, students are
in need of help. Second, they have sufficient knowledge to learn from it. Most
interestingly, on steps for which students lack basic knowledge (Low-Skill steps),
failed attempts were more productive than seeking help. Two complementary
explanations can account for this finding. First, learning from given help is probably
harder than it seems. The process of understanding, applying, and generalizing from
given help may be quite complicated and requires some prior knowledge. Second,
we may underestimate the value of failed attempts. Attempting to generate an
answer, applying it to the problem step, and reflecting on its failure, may support

students in acquiring the knowledge that is required to learn from given instruction.
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Overall, the research described above achieves two main goals. First, it makes
theoretical contributions by associating different patterns of help seeking with
learning. Understanding how students learn by seeking (or avoiding) help is
important, especially given the scarce evidence for the effect of help . Second, it
demonstrates the potential of using analytical methods based on local measures of
learning to study complex behaviours. Applying a similar methodology to study
other constructs of self-regulated learning can help us understand and support

students in becoming better independent learners.
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Figures
Figure 1. The Geometry Cognitive Tutor.
Figure 2. Local Measures of Learning. The quality of the solution process on each
step is evaluated using students’ performance on the subsequent step that requires
the same skill.
Figure 3. The Help-Seeking Model.
Figure 4. Calculating the rates of Desired Help, Help Abuse, and Inappropriate

Attempts for each student on each step.
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Tables

Table 1

An example of the different levels of hints available to students in the version of the

Geometry Cognitive Tutor used in this study.

1.

In this problem, you have Triangle OUT. What do you know about triangles that
enables you to find the measure of Angle OUT?

Some rules dealing with triangles are highlighted in the Glossary. Which of these
reasons is appropriate?

You can click on each reason in the Glossary to find out more.

The sum of the measures of the three interior angles of a triangle is 180 degrees.
Angle OUT is an interior angle in a triangle. You know the measures of the other
two interior angles: Angles UOT and OUT.

Can you write an equation that helps you find the measure of Angle OUT?

The sum of the measures of Angles OUT, UOT, and OTU equals 180°. So you
have:

mZ0UT + mZUOT + mZ0TU = 180

In the previous hint, you saw that:

mZ0UT + mZUOT + mZO0TU = 180
You can replace m ZUOT by 79 and m £ OTU by 79. Also, you can use a variable
(say, x) instead of m £ OUT. This gives:

X+79+79=180
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7. Find the measure of Angle OUT by solving for x:
X+79+79=180

You can use the Equation Solver.
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Table 2
Desired Help, Hel Abuse, and Inappropriate Attempts as a function of estimated skill
level, averaged across students. Note that actions where the student was correct on

the first attempt are omitted from these percentages.

All actions  High-Skill steps Med-Skill steps Low-Skill steps
Pknow > 6 04‘ < Pknow < 06 Pknow < 04‘

(25,337 actions) (8,863 actions) (7,053 actions) (9,421 actions)

Desired Help 83% 91% 90% 62%
Help Abuse 5% 5% 2% 10%
Inappropriate

12% 4% 8% 28%

Attempts




Table 3
Association between Desired Help and success on subsequent attempts. Reported
values are slope (B), error in slope (SE B), odds ratio (eB), Z value (Z), and p value

(p)- The rate of Desired Help is in parentheses.

Skill level B SE(B) B Z p
All steps (83%) 0.37* 0.15 145 2.52 0.01
High-Skill steps (91%) 0.83* 034 229 245 001
Med-Skill steps (90%) 1.00%** 0.29 272 341 <0.001
Low-Skill steps (62%) -0.37 0.27 0.69 -138 0.17

*<.05; **<.001
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Table 4

Success rate as a function of estimated skill level and rate of Help Abuse and
Inappropriate Attempts. Average error rates out of all actions in that skill level are
shown in parentheses. eB > 1 implies that a higher error rate corresponds to higher

chances of correctly answering the next problem step.

B SE (B) eB / p

High-Skill steps

- Help Abuse (5%) -1.76***  0.53 0.17 -3.30 <0.001
- Inappropriate Attempts (4%) -0.16 0.41 0.85 -0.40 0.69
Med-Skill steps

- Help Abuse (2%) -2.48* .0.96 0.08 -2.57 0.01
- Inappropriate Attempts (8%)  -0.79** 0.30 0.45 -2.62 <0.01
Low-SKkill steps

- Help Abuse (10%) -1.42%%  0.42 0.24 338  <0.001
- Inappropriate Attempts (27%) 0.79** 0.24 2.20 3.24 <0.01

*p <.05; **p <.01; ***p <.001.
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