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Abstract. Task difficulty (TD) reflects students’ subjective judgement on the 

complexity of a task. We examine the task difficulty sequence data of 236 under-

graduate students in a simulation-based Predict-Observe-Explain environment. 

The findings suggest that if students perceive the TDs as easy or hard, it may 

lead to poorer learning outcomes, while the medium or moderate TDs may result 

in better learning outcomes. In terms of TD transitions, difficulty level hard fol-

lowed by a hard may lead to poorer learning outcomes. By contrast, difficulty 

level medium followed by a medium may lead to better learning outcomes.  

Understanding how task difficulties manifest over time and how they impact 

students’ learning outcomes is useful, especially when designing for real-time 

educational interventions, where the difficulty of the tasks could be optimised for 

students. It can also help in designing and sequencing the tasks for the develop-

ment of effective teaching strategies that can maximize students’ learning. 

Keywords: Task difficulty, Task complexity, Predict-Observe-Explain, Learn-

ing outcomes, L-statistic, Intervention, Flow, Zone of Proximal Development. 

1 Introduction 

Students’ perceptions of tasks can influence their learning behaviours [4, 6]. For exam-

ple, when a task is challenging yet attainable, students may invest effort and persist at 

it. In contrast, students may not engage in a task if they repeatedly fail at it [28, 49]. 

This, then, engenders the question: how can instructors design optimal learning condi-

tions where students get challenged but feel confident in accomplishing the task? To 

address this question, we analyse the relation of task difficulties (TDs) with students’ 

learning outcomes. Further, we observe how TDs vary in a simulation-based learning 

environment (e.g., is it more probable for TDs to transition from easy to hard or vice-

versa). Lastly, we assess whether students’ sequences of TDs can be indicative of their 

learning outcomes. 

In this paper, TDs are analysed in a digital simulation-based Predict-Observe-Ex-

plain (POE) learning environment by using the likelihood statistic (L-stat). The AIED 

community has frequently used L-stat for studying students’ affective dynamics [18, 

19, 21, 22, 36, 37]. Compared to a traditional classroom environment, a benefit of 
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analyzing TDs in a digital setting is that students can receive just-in-time support. For 

instance, the level of TDs can be adjusted by the instructors to match student's level of 

understanding or individual students may also choose and change the level of TD in a 

self-controlled setting [3, 25, 30, 62]. We believe that a better understanding of stu-

dents’ TDs will enable interventions to improve students’ learning [1, 53, 55] and re-

duce undesirable behaviours such as gaming the system [2] and disengagement [29].  

2 Related Work 

Task complexity and task difficulty (TD) are often used interchangeably. However, 

they are two different constructs [51, 52]. Task difficulty refers to a person's subjective 

judgment on the complexity of a task, whilst task complexity represents the character-

istics or cognitive demands of a task [9].  

Different learners can perceive the same tasks differently [9]. Researchers have 

shown that TDs can influence students' motivation [32] and self-regulation [4]. TDs 

can also affect problem-solving strategies and tactics. For example, DeLoache, Cassidy 

and Brown [24] suggest that “problems that are too easy or too difficult are less likely 

to elicit strategic behaviour than the problems that present a moderate degree of chal-

lenge” (1985, p. 125). Further, the “law of optimum perceived difficulty” states that, if 

the tasks are perceived very easy or very hard, they can result in lower levels of en-

gagement than the moderately difficult tasks – which may lead to higher levels of en-

gagement [6]. Vygotsky [60] suggested that for instruction to be effective it must be 

aimed at learners’ proximal level of development (where learners can succeed with as-

sistance; a difficulty that is somewhat more challenging than an exact match to a stu-

dent's skill level, but not so challenging that the student cannot succeed). Csikszent-

mihalyi in his works [14, 58] talks about TDs and their influence on emotions. He sug-

gests that a person may feel worried and anxious when presented with overly challeng-

ing tasks and may feel bored if the tasks are too easy. However, when the tasks are 

moderately difficult, or they offer just the right challenge, a positive ‘flow’ experience 

may occur [15, 16]. Therefore, different emotions can be encountered based on how an 

individual perceives a given task.  

This, then raises the question: what relation do TDs have to students' learning out-

comes? The data is not entirely clear on these theoretical perspectives. Some studies 

report that TDs have a negative association with students' self-efficacy and performance 

[44, 45], yet [7] states that ‘certain difficulties can enhance learning’. Several studies 

have indicated that students can learn from challenges that lead them to identify and 

articulate their current views, examine their ideas and clarify their misconceptions [34, 

35]. To sum up, we investigate the following questions in this paper: 
 

RQ1: What relation do task difficulties have with students' learning outcomes? 

RQ2: How do task difficulties vary over time? 

RQ3: Is there a sequence of task difficulties that is indicative of better learning? 
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3 Learning Environment 

3.1 Predict Observe Explain (POE) Simulations 

This study is built on an underlying educational framework known as the Predict-Ob-

serve-Explain (POE) paradigm [61]. POE is a three-phase, iterative design [23].  

1. During Prediction, students formulate a hypothesis. They are often asked to provide 

the reasons as to why they committed to it.  

2. During Observation, students test their hypothesis by changing parameters or vari-

ables in a simulation. They can then see the effects of their manipulations. This 

phase is especially crucial for those who make incorrect hypotheses, as they can see 

a mismatch between their predictions and observations [26]. 

3. During the Explanation phase, clarifications are provided to students detailing the 

relationship between variables or parameters that represent the conceptual phenom-

enon under investigation. This phase assists students to reconcile any discrepancies 

between what they predicted and what they observed in the simulation [31]. 

POEs can be applied in face-to-face, online and computer lab contexts [13]. They 

can promote student discussion [61], probe into their prior knowledge and help them 

update prior conceptions [12, 39, 59]. POE learning designs can make digital environ-

ments more engaging [39, 57]. Recently, POE environments have been analysed to ex-

amine students' affective experience [38] and their behaviours relating to struggle and 

confusion [47, 48]. 

To the best of our knowledge, TDs have not yet been investigated within POE based 

environments. Understanding how TDs manifest over time and how they impact stu-

dents' learning outcomes is useful, especially when designing for real-time interven-

tions. Therefore, it is essential that we examine how TDs vary in these environments.  

 

3.2 Course and Module Description 

The data in this study is taken from an online project-based course called Habitable 

Worlds. It aims to introduce the foundational concepts of Physics, Chemistry and Biol-

ogy [33]. It intends to develop problem-solving and logical reasoning skills in students 

through immersive and interactive tasks in a guided discovery environment. Habitable 

Worlds is built using Smart Sparrow's eLearning platform1, which records moment by 

moment activity of students. This adaptive learning environment allows the provision 

of feedback based on students' responses or lack of responses. This course is offered to 

non-science major undergraduate students over a duration of 7.5 weeks, and it consists 

of 67 interactive modules.  

 The current study focuses on an introductory module called Stellar Lifecycles. The 

concept under investigation is the relation between a star's mass and its lifespan. There 

are several tasks within this module which involve one or more of the following ac-

tivities: providing free-text answers to a question, watching videos, responding to mul-

tiple-choice questions or the ‘submissions’ associated with simulations. In this module, 

 
1  https://www.smartsparrow.com/research/ 

https://www.smartsparrow.com/research/
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students follow the prescribed sequence of tasks or activities. Occasionally, however, 

there is pathways adaptivity for the remediation of students who make errors. Further, 

the students cannot proceed onto the next tasks unless the current task is completed. 

 

3.3 Tasks Description 

Of the 23 tasks within this module, we utilize the following POE based tasks: 

• Prediction: Students need to select a hypothesis from five possible choices regard-

ing the relationship between stellar mass and lifespan. Then, they need to report 

their reasons (through free text) for selecting that hypothesis. 

• Observation 1: During the first stage of the Observe task, students explore the stellar 

nursery simulator to create virtual stars, manipulate their mass and run them (as 

many times as they wish). Through this simulator, students can study and hopefully 

understand the relation between stellar mass and its lifespan. 

• Observation 2: During the second stage of the Observe task, students need to create 

at least three different stars within a specified mass range. They need to record the 

mass and associated lifespan of these stars. Next, given their observations, they need 

to either accept or reject their earlier proposed hypotheses.  

• Explanation 1: This task is only available to the students who make incorrect pre-

dictions and endorse them or those who make correct predictions but reject them. 

This task can assist students in rectifying their hypotheses. 

• Explanation 2: This task requires the students to report the minimum and the max-

imum lifespan of seven different stellar classes. Students can again create and run 

stars within the stellar nursery simulator. Most students seem to struggle at this task 

as they need to manipulate several different stellar classes. This struggle is reflected 

in students making repeated attempts. Those who manipulate only one stellar class 

at a time (more systematic) are more likely to complete this task than those who 

manipulate more than one stellar classes (less systematic) [48]. 

• Post POE: At the final stage, students are provided with a short lecture-style video 

to explain to them why low mass stars live longer and how a star's mass and internal 

pressure contribute in the nuclear fusion process which fuels the burning of stars.  

 

3.4 Participants 

The data in this study is taken from the October 2017 offering of the course Habitable 

Worlds. A total of 236 non-science major undergraduate students attempted this mod-

ule. Of these students, 50% were females, 46% were males, and 4% did not respond. In 

terms of age, 33% of students were younger than 20, 46% were between the age range 

of 21 and 30 both inclusive. The remaining 21% were older than 30. 

 

3.5 Measures 

Learning Outcomes. We analyse students' scores at the transfer task – the Stellar Ap-

plications module, which immediately follows the Stellar Lifecycles module. It tests 

students on the concepts that were already introduced to them. The maximum achieva-

ble score is ten; with each incorrect attempt, students are penalized by two marks.  
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Perceived difficulty during-task. During each phase of the POE tasks, to infer students' 

perceived difficulty, they are asked to report their levels of confidence and challenge 

on a 6-point scale: from 1 (not at all) to 6 (extremely). Following questions are asked: 

• How confident are you that you understand the task right now? 

• How challenging do you find the task right now? 

Perceived difficulty after-task. At the end of the POE sequence, students can again re-

port their confidence and challenge on a 6-point scale when asked these questions: 

• Overall, how confident are you that you understood the material in the preceding tasks?  

• Overall, how challenging was the material in the preceding tasks? 

The response to these survey items is voluntary. In terms of participation, during-task, 

186 students report their perceived TD during the Prediction task, 151 and 146 during 

the Observe-1 and Observe-2 tasks respectively, 74 and 146 during the Explain-1 and 

Explain-2 tasks. Lastly, 185 students report their perceived TD after-task. 

4 Data Pre-processing 

4.1 Levels of Task Difficulty 

For analyzing the TD dynamics, we include those students who respond to one or more 

of the task-based surveys. As mentioned, survey items are related to students' confi-

dence and challenge for a given task. To infer TDs, we assign following (3) labels: 

• Easy (E): if reported confidence exceeds reported challenge, 

• Hard (H): if reported confidence is lower than the reported challenge, 

• Medium (M): if reported confidence matches the reported challenge 

Note that our TD labels match with Csikszentmihalyi's flow theory [17]. While the flow 

theory reports on students' affects in terms of their challenge and skills; we use these 

measures (challenge and confidence) to infer students' perceptions of difficulties. 

 

4.2 Task Difficulties and Learning Outcomes 

Learning outcomes reflect students' scores at the transfer task. The maximum achieva-

ble score is 10, and for each repeated attempt at this task two points are deducted. High 

achieving students are those who score above the mean (M=9.21, SD=0.92), while, the 

students scoring below the mean are considered low achievers (M=3.64, SD=4.58). 

 To compare the above two student groups, we perform Pearson's Chi-square test (or 

Fisher's exact test when the entries in the contingency table are less than 5). Compari-

sons are presented for each level of TD and during each phase of the POE cycle. 

 

4.3 Task Difficulty Sequences  

During each phase of the POE tasks, as students report their confidence and challenge, 

we infer their TD sequences. Later, we use these TD sequences to estimate the likeli-

hood statistics (L-stat) as well as the bigram sequences. 
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Calculating L-stat. After obtaining students' TD sequences, we compute the likeli-

hoods of transitions between any two possible states using the transition metric L [21], 

with self-transitions included in the calculation. This metric specifies the probability of 

a transition from a level at time t to t+1, after correcting for the base rate at time t+1. 

We can represent this as L (difficultyt → difficultyt+1), where difficultyt is the difficulty 

level at the current task and difficultyt+1  is the difficulty level at the next task:  

 

L (difficultyt →difficultyt+1) =
P(difficultyt+1 | difficultyt) - P(difficultyt+1)

1 - P(difficultyt+1)
 

  

The value of L may vary from –∞ to 1. For a given transition, if L ≈ 0, we say that the 

transition occurs at chance level, if L > 0, we say that the transition is more likely than 

chance. Finally, if L < 0 then the transition is less likely than chance [20]. 

For calculations, the L-statistic is computed separately for each student and for each 

possible transition. The transitions where L is undefined are excluded from further anal-

ysis. Later, one-sample (two-tailed) t-tests are conducted on the calculated L values to 

measure whether each transition is significantly more or less likely than chance. Next, 

the Benjamini-Hochberg (BH) post-hoc correction is applied to control for false posi-

tives, as the analysis involves multiple comparisons [36]. 

Generating bi-gram sequences. We process students' TD sequences to generate TD 

bigrams. We only consider the students who respond to all task-based surveys and who 

also attempt the transfer task – there are 63 such students.  

In this regard, given a sequence: ‘easy-medium-medium-hard-hard-easy’, the asso-

ciated bigrams are: ‘easy-medium’, ‘medium-medium’, ‘medium-hard’, ‘hard-hard’ 

and ‘hard-easy’. After this, we compare the students who report a given bigram se-

quence versus those who do NOT report it. For this, we perform t-tests and report the 

results in terms of p-value statistic and t-value statistic. Test result is considered signif-

icant if p-value < 0.05 (*) and marginally significant if p-value < 0.10 (·). As the anal-

ysis also involves multiple comparisons, BH post-hoc correction is applied. 

5 Results 

5.1 Task Difficulties across Different Achievement Levels 

A comparison of perceived difficulties, between the high achieving students and the 

low achieving students, is presented in Fig. 1. The high achievers are more likely to 

perceive the tasks as medium or moderately difficult than the low achievers – who seem 

to perceive the tasks as either hard or easy. Overall, the proportion of students who 

respond during the Explain-1 is the lowest, as this task is only available to the incorrect 

predicting students. Further, during the Post POE phase, many of the high achievers 

did not respond to the surveys. Therefore, the patterns during this task (where each TD 

category is more likely to be reported by the low achievers) differ from the overall 

trend.  
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Fig. 1: Comparison of TDs between the high and low achievers using Pearson's Chi-square test 

(or the Fisher's exact test when the counts in the contingency table are less than 5). High-achiev-

ers tend to report medium TDs; in contrast, low-achievers tend to report the TDs as either easy 

or hard. Results are significant if p-value<0.05 (*) and marginally significant if p-value<0.10 (·). 

5.2 Analysis of Task Difficulty Sequences 

Table 1 presents the TD dynamics in terms of D'Mello’s L statistic. For self-transitions, 

the shift from easy → easy is not significantly more or less likely than chance, in con-

trast, the shift from hard → hard and from medium → medium are significantly less likely 

than chance. In terms of increasing TDs, a transition from easy → medium is less likely 

than chance, from easy → hard is more likely than chance and from medium → hard is 

not different from chance level. Finally, in terms of decreasing TDs, the transitions 

from hard → easy and from medium → easy are not different from chance level, however, 

from hard → medium is more likely than chance. 

 
Table 1. Dynamics of TDs, using D'Mello’s L-Statistic. LMEAN in bold indicates the transition is 

more likely and LMEAN in Italics indicates that the transition is less likely than chance. 

Transitions Descriptives One-sample t-test 

from to N LMEAN LSD T (df) p-value 
sig after BH 

correction 

easy 

easy 101 -0.01 0.63 -0.15 (100) 0.88  

medium 121 -0.44 1.00 -4.85 (120) <0.01 * 

hard 133  0.25 0.74 3.85 (132) <0.01 * 

medium 

easy 130 -0.11 1.01 -1.24 (129) 0.22  
medium 110 -0.65 1.27  -5.43 (109) <0.01 * 
hard 138 -0.05 0.43 -1.48 (137) 0.14  

hard 

easy 135 -0.08 0.70 -1.33 (134) 0.19  
medium 139  0.14 0.47 3.36 (138) <0.01 * 

hard 107 -0.77 1.28 -6.20 (106) <0.01 * 
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5.3 Analysis of Bi-gram Sequences 

Next, we analyze students' perceived difficulty over consecutive tasks. We compare the 

students who report a given bigram sequence versus those who do NOT report it. This 

analysis can assist in analyzing how a sequence of TDs may impact students' post-test 

performance (see Table 2). From this table, the performance is significantly low for the 

students who report the TD sequence hard-hard than those who do not report it. In 

contrast, the students who report the TD sequence medium-medium have significantly 

high scores than those who do not report it. 

 
Table 2. TD sequences and their likely association with students' performance. Performance 

seems to be lower for the bigram sequence hard-hard, and it appears to be higher for the se-

quence medium-medium. 

TD Bigram 

sequence 

Bigram reporting students 

T (59) p-value 
sig after BH 

correction 
Yes No 

Post-test 
(Mean ± SD) 

Post-test 
(Mean ± SD) 

easy-easy 7.81 ± 3.08 8.34 ± 3.01 -1.12 0.26  

easy-medium 6.96 ± 4.48 8.01 ± 2.86 -1.34 0.18  

easy-hard 6.35 ± 5.04 8.08 ± 2.86 -1.86 0.06  

medium-easy 7.68 ± 3.63 7.79 ± 3.18 -0.15 0.88  

medium-medium 9.81 ± 0.57 7.19 ± 3.70 3.44 <0.01 * 

medium-hard 8.67 ± 1.70 7.66 ± 3.60 0.62 0.54  

hard-easy 7.03 ± 3.53 8.04 ± 3.48 -1.22 0.22  

hard-medium 8.33 ± 1.81 7.66 ± 3.71 0.57 0.57  

hard-hard 6.35 ± 5.58 8.18 ± 2.49 -2.61 0.01  * 

6 Discussion 

The goal of this study is to analyse the perceptions of difficulties or TDs. For analysis, 

we use three labels namely: easy, medium and hard. 

RQ1. The first research question examines the relationship between students' TDs 

and their learning outcomes. From Fig. 1 it is observed that during the POE sequence 

of tasks, the low achieving students mostly report the tasks as either easy or hard. For 

the low achievers who report the tasks as hard, it could be that they struggled with the 

learning content, the environment or both. However, for the students who perceive the 

tasks as easy and yet achieve poorer learning outcomes, a possible explanation for this 

could be their self-efficacy beliefs. Self-beliefs may influence students' performance [4, 

5]. The students with unrealistic and overly optimistic opinions may have difficulty 

aligning their efforts with the desired performance levels and that can subsequently 

deteriorate their performance [10, 11, 46]. 

Fig. 1 further suggests that the high achieving students mostly report the TDs as 

medium. A plausible explanation for this outcome is that students tend to engage more 

in the tasks that are perceived moderately difficult than the tasks that are perceived too 

easy or too hard [6]. Therefore, for curricula design, the instructors should plan the 
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tasks that are within the learners' zone of proximal development (ZPD) [60]. If learners 

are taught a skill that is within their ZPD, it can lead to better performance than when 

the skill is not [62]. In this regard, [15] suggests that subjects can perform at their opti-

mal capabilities when they experience ‘flow’, which is likely to happen when their 

challenge regarding the tasks matches with their skills (confidence in this case).  

 It is important to mention that students' TDs from Fig. 1 seem to differ at the start 

of the POE tasks – the Prediction phase, where the high achieving students are more 

likely (p-value < 0.10) to indicate that the TDs are easy. This difference during the 

Prediction task is important as this task probes students' prior knowledge. Reporting 

this task easy could mean that these students have higher prior knowledge or higher 

confidence in prior knowledge which contributed to their performance [40, 41]. 

Further, in a POE context, the Observe phase is crucial, it may provide valuable 

insights into students' prior held beliefs [26]. Confusion may be triggered for students 

who make incorrect Predictions [47]. Interestingly, there were more low achievers who 

made incorrect Predictions; yet the low achieving students were more likely to report 

this task as easy (p-value = 0.08). Thus, knowledge of students' TDs at specific mo-

ments can help identify the students who require interventions. 

RQ2.The second research question analyses the dynamics of TDs – how students' 

perceptions of difficulties change within this environment. Prior research on task-based 

instruction suggests that pedagogic tasks should be sequenced in increasing order of 

their demands or complexity [43, 52, 56]. For example, the cognition hypothesis sug-

gests that a gradual increase in task complexity can prepare students for more advanced 

problems and can lead them to achieve better performance and development [50, 51, 

52]. Within the current simulation environment, as the students progressed, the tasks 

became more complex (in terms of the required actions and activities). The impact of 

task complexity on TDs is presented in Table 1. From this table, the transition from 

hard → medium is more likely than chance, while from easy → medium is less likely 

than chance.  

When the findings from RQ1 suggest that medium or moderate difficulty may lead 

to better learning outcomes, the results from RQ2 suggest that harder tasks are likely 

to be followed by moderate difficulty. This, then raises the question of how we can 

make all students experience difficulties of moderate level – should we intentionally 

make harder or complex tasks as they seem to precede TDs of medium level? Or should 

we make the follow-up tasks feel easier by comparison? We believe that this question 

may benefit from further studies where, e.g., we compare two groups, a treatment group 

may be offered less guidance from the system so that the tasks become more complex.  

RQ3. The last research question analyses the association between sequences of TDs 

and students' learning outcomes. Research on the sequential effects of TDs suggests 

that a learner's performance on a given task (regardless of whether the task is easy or 

hard) may be affected by the TDs on the preceding task [8, 54]. In their work, Schneider 

and Anderson [54] report that when an individual faces a hard task, a greater amount 

of cognitive resources may be allocated to it, and as they proceed to the next task there 

may be a depletion in the available resources. Hence, the performance in the next task 

may be affected. To inspect this in more detail, we analyse the impact of TD sequences 

(over consecutive tasks) on students' learning outcomes. From Table 2, the students 
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with perceived difficulty of hard on two or more consecutive tasks are significantly 

more likely to have poorer learning outcomes than those who do not report such a tran-

sition. On the one hand, it could mean that these students are weak and therefore per-

ceive the tasks as hard. On the other hand, it could also mean that perhaps there was a 

depletion of resources as students progressed from a hard task – which is in agreement 

with [54].  

The next significant finding from Table 2 is that the students who report medium 

difficulty on two or more consecutive tasks are likely to have better learning outcomes 

than other students. What implications do these findings have for learning design? We 

find that medium TDs may lead to better learning outcomes and they often follow hard 

TDs. However, if tasks get too difficult for students, e.g., reporting hard on two or more 

consecutive tasks, then it can adversely affect students' performance. A knowledge of 

such perceptions of TDs, early on, may enable us to provide timely interventions to 

students. 

7 Conclusion 

In this study, we use task difficulties (TDs) as a factor of analysis. Researchers [27, 28] 

have acknowledged that only limited studies have investigated the role of students' TDs 

on their learning outcomes. We examine the effects of increasing as well as decreasing 

TDs on students' performance. Students who find the tasks easy or hard generally have 

poorer learning outcomes. However, if a task is perceived easy and it is the prior 

knowledge task, it may lead to better learning outcomes. Furthermore, in accordance 

with ZPD [60] and the flow theory [15], we find that TDs of medium level can lead to 

better performance. An implication for AIED researchers is that, TDs are based on stu-

dents' subjective judgement of the task rather than task complexity. This creates a pos-

sibility of individualized predictions of better paths to learning for each student. 

An unexpected finding was that the students who find the current task to be hard are 

more likely to perceive the following task as medium than the students who find the 

current task to be easy. This suggests that hard and challenging TDs have the potential 

to engage students and lead them to achieve better scores, as well as potentially influ-

encing perception of following tasks. However, when tasks become too hard (difficulty 

sustains over two or more tasks) then it can adversely affect students' performance. To 

control for the negative effects of TDs, one approach is to detect these difficulties early 

on so that personalised interventions are provided to enhance students' learning. 

A potential future direction for this work could be the analysis of students' learning 

behaviours to see how some students who find the current task to be hard can overcome 

their challenges and then report the following task to be easy or medium. Understanding 

how task difficulties manifest over time and how they impact students' learning out-

comes is useful especially when designing for real-time educational interventions, 

where the difficulty of the tasks could be optimised for the learners. It can also help in 

designing and sequencing the tasks, for the development of effective teaching strategies 

that can maximize students' learning [42] and reduce undesirable behaviours such as 

gaming the system [2] and disengagement [29]. 
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