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Abstract 
 
        Several authors have identified the existence of complacency in supervision tasks which imply automation or 
computer support (such as airline piloting). These studies have stressed that even expert operators who are aware of a 
machine’s limits could adopt its proposals without questioning them. In scheduling situations (for example, train 
timetable generation), this is a significant problem, as it is often suggested that the machine be allowed to build the 
schedule, confining the human role to that of rescheduling. In order to reduce complacency in scheduling one could 
offer several solutions from among which the human scheduler could choose one: however, this could create 
difficulties because of the complexity of this particular task. In this article, we suggest that scheduling algorithms be 
characterized as having different levels of algorithm comprehensibility (i.e. different levels of complexity). The effect 
of this characteristic was evaluated on human rescheduling performance, the quality of which was related to 
complacency. Our findings stress that algorithm comprehensibility leads to poor performance due to the very high 
cost of understanding the algorithm. 
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1. Introduction 
 
 In the design of human-machine cooperation, 
several authors have noted that expert operators, 
aware of a machine’s limits, could adopt its proposals 
without questioning them. This failure has been 
termed ‘complacency’ [1] and has been mainly 
studied in supervision tasks that imply automation or 
computers (for example, airline pilots: [2]). However, 
other tasks that are only partially automated, such as 
those found in scheduling situations, are also affected 
by this problem. Scheduling can be defined as the 
elaboration of a plan for resources (machines or 
human operators) based on the organization within a 
set period of time of the realization of tasks, taking 
into account temporal constraints (e.g. waiting 

periods) and constraints related to the use and 
availability of the necessary resources. There are 
scheduling tasks in domains as diverse as 
manufacturing (e.g. production scheduling), personnel 
management (e.g. nurses scheduling) and 
transportation (e.g. train scheduling). Scheduling is, 
on the one hand, considered to be a complex task and 
a well-defined problem. On the other hand, many 
disturbances can affect the validity of a schedule and 
may imply rescheduling. Thus, different authors have 
suggested that scheduling should be allocated to a 
computer due to the combinatorial requirements of the 
problem. Likewise, rescheduling should be allocated 
to a human, because this requires certain skills, such 
as the negotiation of due dates with customers. 
However, this allocation could lead to a complacency 



failure as the human operator could accept computer 
generated-schedules even if they considered the result 
to be sub-optimal from their point of view. 
 
2. Complacency in human-machine scheduling 
  
 Like other failures in human-machine 
cooperation, the complacency phenomenon has been 
set within the context of attention and vigilance in 
supervision tasks: it has been described as the 
psychological state of one who is satisfied with the 
machine, although some improvements could apply 
[1,2]. It is related to a low level of suspicion and is 
correlated with trust in automation. The behavioural 
consequence of complacency has been described as a 
sampling rate below the optimal rate, implying an 
attention defect [3]. The reasons for this 
psychological state can be various, but mainly rely on 
the management of a balance between the human 
investment in terms of cognitive costs and the results 
obtained in terms of performance. This balance leads 
to a satisfactory human performance rather than to an 
optimal performance [4]. When a function is 
delegated or allocated to a machine in a multi-task 
situation, attention is shifted to those tasks that are not 
automated. Thus, the human operator neglects the 
information necessary to perform the automated 
function, does not supervise the function and does not 
try to improve its results, even if it is possible. 
 In scheduling, there are two main differences with 
this traditional view of complacency: (1) the human 
scheduler is not only a passive observer of automation 
but is also involved in its correction; (2) not all 
automation errors are crucial and a human is 
necessary to modify computer-generated schedules in 
order to introduce some flexibility. For these reasons, 
it is possible to define complacency in scheduling as a 
psychological state in which a human accepts poor 
(industrial) performance because of the cognitive cost 
of evaluating and/or correcting the machine’s 
proposal. Thus, one could attempt to minimize the 
cognitive costs of the schedule evaluation and 
modification in order to limit the complacency 
problem. 
 
 
3. The cost of algorithm comprehensibility 
 
 In a computer-generated schedule, the scheduling 
algorithm satisfies many constraints. However, the 
graphical representation only highlights some of these 

constraints; for example, there are no informations 
about satisfied due dates, or late orders, in Figure 1. 
So, in order to prevent human schedulers having to 
check all constraints ‘manually’, it could be possible 
to train them to understand this algorithm in order to 
easily know which constraints are satisfied in the final 
schedule. This was also noted by McKay and 
Wiers [5], who considered that: “The schedulers need 
to know immediately from the Gantt chart why jobs 
are where they are and previous experience with 
sophisticated algorithms indicated that human 
schedulers must be able to easily understand a 
generated schedule and it cannot be magic and 
mirrors” (p.173). This implies that one should resort 
to simple algorithms to allow human schedulers to 
understand them. This could allow schedulers to 
monitor the automation more efficiently and finally to 
decrease complacency. 
 

 
 

Fig. 1: A Gantt chart: Bars of a length proportional to 
the required processing time represent job operations. 

Different shadings indicate different jobs. 
 
 However, algorithm comprehensibility could also 
suggest another conclusion. Taking into consideration 
the study by Moray et al. [6], algorithm 
comprehensibility could also imply a high cognitive 
load. As cognitive resources are limited, schedulers 
could invest fewer cognitive resources in the task than 
when the algorithm is not comprehensible. In this 
way, Davis and Kotteman [7] noted that when 
describing the scheduling algorithm, participants 
required more time to resolve problems than when 
they did not know this algorithm. Finally, this could 
lead to complacent behaviour: the cognitive cost 
required to modify the schedule will be very high and 
schedulers will accept a lower level of performance 
than they could obtain otherwise. 
 
 
4. Experimental study 
 
 There are two contradictory approaches: (1) 
algorithm comprehensibility could facilitate the 
monitoring of automation and decrease complacent 



behaviour; (2) algorithm comprehensibility could lead 
to a high cognitive cost and, in the end, imply more 
complacent behaviour. Our experimental study aims 
to test these two explanations. 
 
4.1. Algorithms 
 
 In this experiment, two algorithms have been 
selected to test algorithm comprehensibility: Earliest 
Due Date (EDD) and Moore-Hodgson (MH). 
 
4.1.1.Earliest Due Date (EDD) 
 This very simple algorithm consists in producing 
jobs in the order of their planned due date, from the 
earliest through to the latest (cf. Figure 2). 
 

 
 

Fig. 2: The earliest due date (EDD) algorithm: from the 
earliest to the latest due date. 

 
 However, this algorithm is not very efficient 
when the number of late orders needs to be 
minimized. As can be noted in Figure 2, a late order 
with an early due date can also produce a very high 
number of late orders if there is a high degree of 
tightness (in other words, too many jobs to be 
produced in too little time). So, this algorithm is not 
complex enough to solve day-to-day scheduling. For 
this reason, several experimental studies that compare 
the performance of scheduling algorithms with that of 
human schedulers have shown that the human 
generally outperforms a simple algorithm such as 
EDD [8]. Moreover, as Green and Appel [9] noted, 
human schedulers themselves consider these 
algorithms to be too simple to solve most scheduling 
problems. This also highlights that it is possible to 
consider the EDD algorithm as having good algorithm 
comprehensibility as it is relatively simple for the 
schedulers. 
 
4.1.2.Moore-Hodgson (MH) 
 In comparison to the EDD algorithm, the MH 
algorithm is a combination of several rules. It 
consists, at first, in scheduling using an EDD 
algorithm. Then, in the case of late jobs, the first of 
these is moved to the end of production (this 
algorithm is detailed in Figure 3). In so doing, the 
total number of late jobs can be reduced (cf. Figure 3 

where there is only one late order with MH, whereas 
EDD leads to four late orders). 
 In an experimental study, Moray et al. [6] noted 
that this algorithm is extremely demanding on 
schedulers in terms of cognitive workload: “This task 
[scheduling task having time pressure], for which the 
MH gave the correct schedule, was so difficult when 
the operators knew the rule that their performance 
collapsed completely, and the task became 
impossible” (p.621). For this reason, this algorithm is 
considered as not comprehensible whereas the EDD 
algorithm is considered as comprehensible. 
 

1st Step 

 
2nd Step 

 
 

Fig. 3: The Moore-Hodgson (MH) algorithm. The first 
step is the EDD algorithm. The second step consists in 

reporting the first late jobs at the end. 
 
4.2. Participants and scenarios 
 
 Six students of production management agreed to 
participate in the experiment. They had training in 
scheduling and were familiar with the Gantt chart. 
Two groups of three participants were defined. Each 
group learned one specific algorithm during a training 
phase (EDD or MH) in order to get accustomed to 
this algorithm. In this training phase, each group was 
given the description of the algorithm procedure on 
paper. Participants had to use a computerized Gantt 
chart tool in order to replicate algorithm functioning. 
This training phase was repeated until the participants 
correctly reproduced the algorithm in different 
conditions. 
 In the experimental phase, one schedule was 
displayed on the screen of the tool. At this moment, 
the participant did not elaborate the schedule as it was 
automatically calculated using the algorithm that the 
participants had learned. Instead, each participant was 
informed of a disturbance in production (e.g. the 
arrival of a rush order). The task was to reschedule, 
taking this disturbance into account. The participants 
had to satisfy the constraint related to the disturbance 
and, at the same time, preserve most constraints 



already satisfied by the algorithm. Their goal was to 
minimize the number of late orders. 
 Five disturbances (and therefore five schedules) 
were presented in successive order (different for each 
participant): (1) A due date change for a specific 
order. This is the ‘simple’ scenario. (2) An arrival of a 
rush order during a heavily loaded production period. 
This is the ‘complex’ scenario. (3) An arrival of a 
rush order with a flexible (uncertain) due date. This is 
the ‘uncertain’ scenario. (4) Delays in the arrival of 
materials, leading to delays in a lot of orders. This is 
the ‘contradictory’ scenario. (5) A change in job 
priorities. This is the ‘change’ scenario. (6) No 
disturbance. This ‘control’ scenario is used to 
determine a basis for evaluating the cost of correcting 
the algorithm (as will be detailed in Section 4.3).  
 When studying complacency, the ‘complex’ 
scenario is the most important. The reason is that it 
requires the deepest analysis of the computer-
generated schedule in order to modify the schedule a 
minima due to the high number of constraints to be 
taken into account. However, taking into account a 
higher number of scenarios that are relevant to field 
studies could allow us to improve the generalization 
of results. 
 
4.3. Performance measures 
 
 In order to evaluate the participants’ 
performances and to compare them in relation to the 
algorithm with which they had to interact, we selected 
two measures:   
 Behavioural performance: As complacency 
relates to a cognitive cost, it is important to have an 
evaluation of the cognitive load engaged in the task. 
Taking into account workload analysis methods in 
terms of their disturbance to the task, or in terms of 
their capability to measure the dynamics of the mental 
workload, we decided to favour measures directly 
obtained from the scheduling task. In this way, the 
workload was evaluated by the ratio between the total 
time spent in each scenario and the number of actions. 
Moreover, behavioural performance is not a measure 
of the outcome but of the rescheduling process. In this 
process, the participants will correct scheduling 
algorithm failures and also take into account any 
disturbance. In order to study only behavioural 
performance whilst still taking into account the 
disturbance, the ‘control’ scenario (where there is no 
disturbance) was used to evaluate the cost of 
correcting the algorithm. This value was then 

subtracted from the other scenarios in order to 
evaluate behavioural performance in rescheduling 
independently from the algorithm scheduling 
performance. 
 Industrial performance: This performance 
measure refers to that prescribed to the participants in 
the experimental setting: to minimize the number of 
late orders. As the problem is the same for the two 
algorithms, any significant difference in the number of 
late orders will result from differences in the 
interaction with the algorithm. This measure will be 
the main variable used in order to demonstrate the 
presence of complacent behaviour (i.e. schedulers not 
trying to improve industrial performance even if a 
higher level of performance is possible). 
 
4.4. Hypotheses summary 
 
 Two main hypotheses can be suggested from the 
previous discussions: 
(1) An algorithm that is comprehensible will facilitate 
automation monitoring and ultimately limit 
complacency. Thus, we could hypothesise that the 
comprehensible algorithm (EDD) will lead schedulers 
to achieve a better performance than an algorithm that 
is not comprehensible (MH). 
(2) However, as indicated previously (see Section 3), 
a contradictory alternative hypothesis can be 
formulated for algorithm comprehensibility: an 
algorithm that is comprehensible (EDD) may lead to a 
high cognitive load and finally to more complacent 
behaviour than when the algorithm is not 
comprehensible (MH). 
 
5. Results 
 
5.1. Behavioural performance 
 
 When studying algorithm comprehensibility, 
results show that in most scenarios (except the 
‘change’ one) the EDD algorithm leads to a lower 
level of performance than the MH algorithm. This is 
particularly the case with the ‘uncertain’ and 
‘complex’ scenarios. Results indicate that it is not 
possible to demonstrate a significant effect of 
algorithm comprehensibility on behavioural 
performance in relation to all but one scenario. 
 In the case of the ‘complex’ scenario, the EDD 
algorithm required about 16 seconds on average for 
each decision and the MH algorithm required only 2 
seconds (F(1, 6)=51.136; p<.001). However, the 



observed values are contradictory to hypothesis 1: in 
the ‘complex’ scenario, when the algorithm is 
comprehensible, the level of behavioural performance 
is lower than when the algorithm is not 
comprehensible. This means that the amount of time 
taken to make a decision was less in the MH 
algorithm, even though it was considered to be harder 
to understand than the EDD algorithm. Moreover, as 
indicated previously [6], humans do not come across 
the MH algorithm by themselves: indeed, even those 
being trained in this algorithm had difficulties in 
applying it. This highlights the fact that participants in 
the MH algorithm group did not use any knowledge 
about the algorithm that they had acquired during 
training. 
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Fig. 4: Behavioural performance: ratio (in seconds) 
between the total rescheduling time and the number of 

actions, depending on the scenario and on the algorithm 
(the ‘control’ scenario was used as a base to correct the 

values). Error bars represent SEM. 
 
 So, one can consider that participants with a 
comprehensible algorithm (EDD) tried, in part, to 
take into account their knowledge of this algorithm: 
consequently, they required more time to make 
decisions and their available cognitive resources 
decreased. On the other hand, participants confronted 
with the incomprehensible algorithm (MH) did not try 
to use any knowledge of the algorithm and had more 
free use of resources to engage in the rescheduling 
activity. The ‘complex’ scenario was particularly 
relevant with regard to this result since many different 
orders (a high number of constraints) have to be taken 
into account simultaneously, requiring the most 
cognitive resources. 
 This result contradicts hypothesis 1 and supports 
hypothesis 2. In other words, the more complex 
algorithm is that which is easier (in terms of cognitive 
cost) to interact with. If this explanation of the 
cognitive cost is correct, it has to be confirmed by 
industrial performance. 

 
5.2. Industrial performance 
 
 When studying algorithm comprehensibility 
results does not show any clear difference in the 
number of late orders, except for the ‘complex’ 
scenario where there were fewer late orders in the MH 
algorithm (approximately 3 late orders on average) 
than in the EDD algorithm (about 5 late orders on 
average) (F(1, 6)=6.125; p<.05). 
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Fig. 5: Industrial performance: the number of late orders 
at the end of the rescheduling, depending on the scenario 

and on the algorithm. Error bars represent SEM. 
 
 In terms of behavioural performance, this 
highlights the fact that when participants understand 
an algorithm, more cognitive resources are required; 
in the end, this leads to a lower level of performance. 
Whereas McKay and Wiers [5] suggested that 
algorithm comprehensibility could lead to a higher 
level of (industrial) performance, these results 
underline another conclusion: understanding an 
algorithm leads to a decrease in level of performance. 
This allows us to reject hypothesis 1 and to favour 
hypothesis 2: instead of supporting human-machine 
cooperation, the comprehensibility of the algorithm 
leads to complacent behaviour. 
 
6. Discussion 
 
 Initially, understanding the algorithm could seem 
a way of increasing human efficiency in monitoring 
and correcting the machine. Our results stress that an 
increase in algorithm comprehensibility led to an 
increase in complacency. The reason is that 
understanding the algorithm increases the cognitive 
cost of rescheduling and consequently leads to a 
decrease in the participants’ industrial performance. 
Moreover, it was noted that a high workload in 
scheduling leads to poor error detection [10]. So, in 
this case, complacent behaviour is not due to the 



human being insufficiently aware of algorithm limits, 
but rather being too aware of algorithm functioning 
and, subsequently, giving up. This means that 
participants accepted a lower level of performance 
because of the increased cognitive cost needed to 
modify the schedule. 
 However, it is impossible to differentiate between 
the decrease in performance caused by high cognitive 
workload and the (eventual) gain due to the use of 
knowledge about the algorithm (as evidenced by this 
high workload). As Moray et al. [6] noted (p.622): 
“Only if knowledge of optimal rules is supported by 
appropriately designed displays, and only if 
appropriate time to work out the implications of the 
rule and appropriate aids are available, will a 
knowledge of optimal rules provide tolerable 
workload and efficient performance”. A further 
suggestion is to train schedulers not to the correct 
functioning of the algorithm but rather to its 
drawback: its validity domain. This suggestion could 
allow to identify if more efficient training could 
produce lower cognitive costs and finally lead to an 
increase in performance. 
 
7. Relevance to practice 
 
 In our experiment, the complexity of the 
algorithms was determined in relation to novices’ 
minimal skill levels, referring to the study by Moray 
et al. [6]. In practice, this complexity will be 
considered too low to solve real problems and could 
probably lead to another failure: distrust in the 
machine [11]. However, our results indicate that 
instead of supporting human-machine cooperation, the 
full comprehensibility of the algorithm leads to 
complacent behaviour especially in complex 
situations. High production loads are usual within 
scheduling situations in industrial domains, as in most 
cases schedulers have to maximize machine 
utilization. Furthermore, the presence of low and high 
production loads is often noted in field studies. One 
could point out that, because of such industrial 
performance consequences, understanding the full 
scheduling algorithm must be avoided in practice. 
 
8. Conclusion 
 
 There is only partial automation in scheduling 
situations and human operators are necessary for 
rescheduling. For this reason, it has been suggested 
that the complacency phenomenon be extended 

beyond the classical sense of the cost of supervision 
to take into account the cost of evaluating and 
correcting a machine’s schedule. This also means that 
the complacency phenomenon is multi-faceted and 
has to be distinguished from the trust concept.  
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