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Abstract. To address poor working conditions and promote United
Nations’ sustainable development goal 8.8, “protect labour rights and
promote safe working environments for all workers [...]”, govern-
ment agencies around the world conduct labour inspections. To carry
out these inspections, inspectors traditionally use paper-based check-
lists as a means to survey individual organisations for working envi-
ronment violations. Currently, these checklists are created by domain
experts, but recent research indicates that machine learning (ML)
could be used to generate dynamic checklists to increase inspection
efficiency. A drawback with the dynamic checklists is that they are
complex and could be difficult to understand for inspectors. They
have also never been field-tested. In this paper, we therefore pro-
pose user-oriented explanation methods for Context-aware Bayesian
Case-Based Reasoning (CBCBR), which is the current state-of-art
ML method for generating dynamic checklists. We also introduce
a prototype of CBCBR and present a field study where we test it
in real-world labour inspections. The results from the study indicate
that using the explainable dynamic checklists increases the efficiency
of the labour inspections, and inspectors also report that they find the
checklists useful. The results also suggest that current ML evalua-
tion methods, where model prediction performance is evaluated on
existing data, may not fully reflect the real-world field performance
of checklists.

1 Introduction

Labour inspections are conducted by government agencies around
the world to address poor working conditions and promote United
Nations’ sustainable development goal (SDG) 8.8 “to protect labour
rights and promote safe working environments for all workers”. The
inspections are carried out in workplaces (organisations) on a large
scale to enforce national and international labour laws and standards,
pursuant to the International Labour Organization’s (ILO) Labour In-
spection Convention (1947). Despite the inspection efforts, there are
still 1.9 million registered deaths worldwide annually attributable to
occupational health and safety risks [29]. Increasing the efficiency
of inspections is therefore important. To carry out these inspections,
inspectors often use checklists to survey individual organisations
for non-compliance to health, safety, and environment (HSE) reg-
ulations [8, 19]. A labour inspection checklist consists of a non-
fixed-sized subset of K out of N items, where each item has a bi-
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Figure 1. An illustration of how dynamic checklists work. First, the initial
checklist to the left is created via a query specified by the user. After the user
answers the checklist, it is then dynamically updated by the ML model. The
updated checklist is shown on the right side.

nary response (non-compliant/compliant) and corresponds to a spe-
cific health and safety regulation. Each inspected organisation may
be subjected to hundreds of different regulations [13], but a check-
list ideally contains between 5 and 30 items. Creating such check-
lists manually is difficult since checklists are situation-dependent and
labour inspections can be executed in many different ways depending
on the context [17, 5]. This means that the contents of the checklists
need to vary between individual inspected organisations. Traditional
static, paper-based checklists are still often too long, making it diffi-
cult to differentiate between critical and less important tasks for their
users [21].

Instead of relying on traditional checklists, it is possible to use ML
to generate dynamic checklists. Figure 1 shows an overview of a dy-
namic checklist, where an ML model is given an inspection target
(workplace) as input. The model then creates an initial checklist con-
taining a set of K out of N possible items (small K, large N ). Based
on how the user answers the checklist, it is dynamically updated with
additional items to make it more contextually relevant to the situation
it is being used in. To our knowledge, the state-of-the-art method
for generating dynamic checklists is Context-aware Bayesian Case-
Based Reasoning (CBCBR) [15]. CBCBR aims to create checklists
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that maximize the number of violations found during inspections,
by generating and dynamically updating checklists specifically for
each inspection target. It is assumed that the dynamic checklists can
increase the detection and rectification of working environment vio-
lations in the inspections compared to traditional paper-based check-
lists, thereby increasing efficiency [15]. The main purpose of this
paper is to test this assumption by conducting an empirical field
study, to determine if ML-based checklists are indeed superior for
real-world inspections.

Motivation. It is hard to tell how effective current ML-generated
checklists are, since they have never been tested in real-world envi-
ronments [32, 23]. Flogard et al. propose a cross-validation approach
that shows promising results for the dynamic checklists in labour
inspections. However, lacking ground truth cases, the approach is
essentially a simulation that is mostly based on labels that are gen-
erated from existing data [14, 15]. Since the approach relies on ex-
isting data, it also does not account for real-world factors that could
impact labour inspection performance, such as intervention effects
from replacing the current domain expert-designed checklists [31].
This is potentially problematic as inspections are complex tasks, and
the success of using checklists could depend on many factors, such
as implementation details or how users interact with them [5, 36].
Another problem is that CBCBR currently lacks explanation meth-
ods. Dynamic checklists are complex constructs, rendering it difficult
for inspectors to understand the dynamic changes to their checklists
during inspections. If the dynamic checklists are not understood or
justified, they may be difficult to use, undermining any advantages
they may have on task performance [5]. Moreover, forthcoming EU
regulations will require a certain level of explanation in ML and re-
lated technologies [7].

Contributions. To address the problems mentioned above, our sci-
entific contributions in this paper are as follows:

(1) Technical: We propose methods for explaining the content of
dynamic checklists to their end-users (inspectors), focusing on justi-
fication and transparency as explanation goals [35]. We also devel-
oped a prototype based on the state-of-the-art method for generating
checklists (CBCBR), implementing the explanation methods.1

(2) Social: As far as we know, ML-based checklists remain
untested in the field, let alone implemented or adopted. Collabo-
rating with the Norwegian Labour Inspection Authority (NLIA), we
conducted a field study, testing the prototype in dynamic real-world
environments with seven inspectors carrying out 69 valid inspections
across various industries. Both qualitative and quantitative results are
presented and compared to inspections conducted by the same in-
spectors, using ordinary static checklists created by domain experts.
The results show that dynamic checklists increase the efficiency and
number of violations being addressed in labour inspections. This in-
sight is essential in order to determine whether the adoption of the
dynamic checklists is worth the investment, as most labour inspec-
tion authorities have limited resources [37].

(3) Analytical: Our analyses of the results from the study show sig-
nificant discrepancies between field performance and existing cross-
validation performance estimates of dynamic checklists. Current ML
evaluation practices may therefore be insufficient for estimating field
performance of checklists. This insight could have implications for
research in other domains where ML or AI is used to create check-
lists, such as medicine [40, 22, 18].

Social Impact. Due to the results from our field study, the Norwe-

1 The source code for the prototype can be found at: https://github.com/
ntnu-ai-lab/cbcbr-prototype.

Figure 2. The figure [15] shows an overview of CBCBR. The black arrows
show how the case base is created or updated. The white arrows show the
creation of a candidate checklist. The checklist is dynamically updated via
the blue (and black) arrows, starting from the candidate checklist on the right-
hand side.

gian Labour Inspection Authority (NLIA) plans to adopt the dynamic
checklists into their inspections. We believe that our work could in-
spire labour inspection authorities in other countries to do the same.
A widespread adoption of dynamic checklists could increase levels
of compliance with working environment laws and labour rights in
society and reduce both long and short-term injuries (SDG indicators
8.8.1 and 8.8.2), as inspections become more efficient in addressing
and reducing violations in workplaces.

2 Related Work

Dynamic Checklists. Digital dynamic checklists have also been pro-
posed to deal with context changes in medical applications, such as
emergency care or surgeries. However, these checklists are currently
created via rule [11] or process-based models [6] that are not based
on ML, requiring manual construction and maintenance that limits
the models’ complexity and nuance [15, 21]. Nevertheless, some of
these have been successfully tested in medical trials. De Bie et al.
show that dynamic checklists improved user compliance, compared
to traditional paper checklists for intensive care units in a trial [12].
Kulp et al. propose a dynamic digital checklist for trauma resuscita-
tion modeled as an iterative process via user interviews, and test it in
a trial [21]. The results are promising, but the checklists’ impact on
task execution and performance in many medical situations turned
out differently than expected, underscoring the complexity of check-
lists and the importance of analyzing and testing them in the field be-
fore adoption. This is also a motivation for our field study, especially
considering that ML-based checklists have never been field-tested
before.

Machine Learning Methods for Creating Checklists. Research on
ML for creating checklists is currently limited. Besides CBCBR and
BCBR proposed by Flogard et al. [14, 15], there are other meth-
ods for checklist creation [40, 22, 4]. These are unsuitable for cre-
ating dynamic checklists or checklists for labour inspections [15].
As far as we know, CBCBR is currently the only readily available
ML method for creating dynamic checklists for labour inspections.
CBCBR is a hybrid method that uses a Naive Bayesian inference
(NBI) model to construct features for cases used in Case-Based Rea-
soning (CBR) [1]. CBCBR creates a dynamic checklist for a given
organisation targeted for an inspection by retrieving and reusing past
cases with checklist items used in similar organisations, that also
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have high estimated probabilities for non-compliance. CBCBR, see
Figure 2, operates in two phases. (1) In the first phase, an initial
checklist is created. A naive Bayesian inference (NBI) model is used
to generate probability estimates for non-compliance (θbe), based on
empirical distributions from the dataset D. The probability estimates
are added to dataset instances dj ∈ D as new features, to create new
augmented CBR cases cj for a case base CB. Similarity based re-
trieval is then used to create an initial candidate checklist by retriev-
ing K CBR cases with unique items, using a query q = (xcnd, θ, κ)
that contains feature values for the target organisation (xcnd), a fixed
target value (θ) for the probability estimate embedded in each of the
CBR cases and a target value (κ) for the number of observed in-
stances that are used to calculate the probability estimate. (2) The
second phase consists of dynamic updates to the candidate checklist
via the case-base. After the user answers a checklist item, the NBI
model updates the CBR cases cj ∈ CB with new posterior proba-
bility estimates for non-compliance. CBCBR then retrieves any ad-
ditional cases that have sufficiently increased estimates, which are
appended to the checklist as a dynamic update. Depending on the
setup, this phase is repeated after a certain number of checklist items
are answered. A complete formal definition of dynamic checklists
and a more detailed description and analysis of the CBCBR frame-
work is given by Flogard et al. [15].

Explanations for Dynamic Checklists. As far as we know, no one
has proposed any method that offers user-oriented explanations of
dynamic checklists. However, CBCBR is a good starting point for
new explanation approaches since it is based on two transparent
methods: CBR and parameter estimates from empirical distributions
(NBI) [1, 10]. There are many examples of CBR systems being used
to provide explanations, often as post-hoc or in twin configurations
with black box systems [20, 9]. Many methods based on model ag-
nostic approaches also exist, such as LIME or SHAP [34, 27]. How-
ever, most of the current explanation methods address other explana-
tion goals than ours and are not good starting points for explaining
the content of dynamic checklists, and are therefore not considered
within the scope of our work. Explanations should generally be goal-
oriented and serve a specific target audience [27, 35]. Thus, we pro-
pose approaches for providing user-oriented explanations with jus-
tification and transparency goals in mind, both for initially created
checklists (before inspection starts) and for any dynamic updates to
the checklists that are made during inspections.

3 Explanation Methods for Dynamic Checklists

To reach the explanation goals mentioned earlier, we propose two
approaches. Both approaches are based on showing traces of model
logic to the users [35].

Showing Estimated Probabilities for Non-Compliance. The first
approach is to show CBCBR’s estimated probability of finding non-
compliance on each checklist item to the users. The probability esti-
mates are calculated via the NBI model that was proposed by Flog-
ard et al. [15], but these have not been used for explanations in pre-
vious work. As each item on a checklist has its own estimate that
depends on the inspection target, the purpose of the explanations is
to provide prediction transparency and justify the use of the items.
Since the estimates are based on sufficient statistics using empiri-
cal distributions [10], they should in theory reflect the probabilities
observed in the real world if unbiased data is used and all prior pa-
rameters are known. This property should ensure that the estimates
are as consistent as possible with the real world, within the limitation

of the dataset being used, which is necessary to promote long-term
trust [30]. Probability estimates are also an intuitive way to commu-
nicate uncertainty [10].

Showing the Most Important Answer for a Dynamic Update. The
purpose of this second approach is to make the users aware of why
additional items are dynamically added to their checklist (justifica-
tion), and how these are related to the answered part of the checklist
(transparency), which could promote trustworthiness [39, 2]. A for-
mula for finding the most important answer is derived as follows: Let
x be a target organisation for an ongoing inspection and ycnd be a
candidate checklist that a user interacts with during the inspection.
Let’s assume that an item ê /∈ ycnd is considered as a candidate to
be dynamically added to the checklist. Let (ei, li) ∈ ycnd be pairs of
existing items and given answers in the checklist, respectively, with
the position in ycnd indexed by i. The probability for finding non-
compliance (L = 1) for any candidate item ê, given x and every pair
(ei, li), can be estimated via [15]:

θbe(L = 1|x, ê,ycnd) =

βL=1|x,ê +
∑

(li,ei∈ycnd) p(1, x, ê, ei, li)
∑1

l̂=0 βL=l̂|x,ê +
∑

(li,ei∈ycnd) p(l̂, x, ê, ei, li)
, (1)

which CBCBR relies on to dynamically update the checklists and is
the mean of a posterior beta distribution (see Flogard et al. [15] for
more details). Given this information, we seek to find the index of
the pair (ei, li) that has the most impact on an ê being selected for a
dynamic update to the checklist. The index i can be found by altering
Equation 1 to depend on only single pairs (ei, li) as follows:

arg max
i

θbe(L = 1|x, ê, ei, li) =

arg max
i

βL=1|x,ê + p(1, x, ê, ei, li)
∑1

l̂=0 βL=l̂|x,ê + p(l̂, x, ê, ei, li)
. (2)

The right hand side of Equation 2 can be reduced to
arg maxi

p(1,x,ê,ei,li)∑1
l̂=0

p(l̂,x,ê,ei,li)
. In some cases arg maxi θ

be may

have multiple solutions. In that case, we select one of them ran-
domly. We compute arg maxi θ

be via sequential search in the
checklist ycnd, when a dynamic update takes place. This runs quite
fast as checklists are relatively short and because we calculate the
parameters p and store them in tables immediately each time an item
on the checklist is answered, to reduce computational costs. After
finding i, an explanation text for the item ê in the dynamic update is
generated. A demonstration of the text is presented in Section 4.

4 Implementation of Dynamic Checklists

For the field study, we have created a prototype based on the CBCBR
framework introduced by Flogard et al. [15]. The prototype is devel-
oped based on the Minimum Viable Product (MVP) scheme, which
is a lean and cost-effective way to confirm or refute hypotheses about
a product’s benefits or values [28]. The prototype is also designed ac-
cording to the Human-AI interaction guidelines proposed by Amer-
shi et al. [2]. The details regarding the interface, functionality, and
configuration of the prototype are described below. We also demon-
strate a comparison between a dynamic and traditional checklist.

4.1 Prototype Interface and Functionality

A screenshot of a short checklist generated with the prototype is
shown in Figure 3. The graphical interface of the software consists of
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Figure 3. A screenshot of the CBCBR prototype with a short checklist of K = 5 items, generated for a labour inspection of a hotel in Trondheim, Norway. As
a demonstration, we answered four of the items, marked in red, yellow and green. The colors are used to highlight the answers so that they are easy to recognize.

Figure 4. A pop-up with recommendation of an additional item and an ex-
planation, based on the answers from the checklist in Figure 3.

three parts: the input fields, the checklist and pop-up windows with
dynamic updates to the checklist. The functionality of these are de-
scribed below.

Input Fields. The input fields, shown at the top in Figure 3, are used
to specify the features of the organisation that is targeted for the in-
spection. The features describe the location (municipality) and indus-
try2 of the target organisation. The fields are used to build the query in
Figure 2. The query is executed once the user (inspector) presses the
start button. After the user presses the start button, an initial checklist
that matches the query appears below the input fields. Different input
values to the prototype can yield very different checklists.

Checklist. The checklist-part of Figure 3 corresponds to the candi-
date checklist in Figure 2. The checklist is generated for a hotel (ISC
55.101) located in Trondheim municipality, with an initial length of
K = 5 items. It is possible to adjust the initial checklist length in the
upper left corner. To enhance readability for longer checklists, items
are grouped under headlines according to the main working environ-
ment factor each belongs to. The groups and items within are also
initially sorted alphabetically, but users can easily reorder them. The
checklist can be saved and opened in Excel format (Save Excel but-
ton), where the estimated probability for finding non-compliance is
listed for each item to serve as an explanation. We decided not to list
the estimates (explanations) on the main GUI to avoid cluttering. As
mentioned in Section 3, the purpose of the estimates is to provide ML
model transparency and justification regarding the selected items.

The checklist is answered chronologically from top-to-bottom, as
shown by the partially filled-out checklist in Figure 3. The user can
select answers from a drop-down menu by clicking on the “apply
current item” button. The options are “non-compliance” (red color),
“yes” (green), “not relevant” (yellow), “not controlled” (yellow),
“follow up later” (yellow), and “regulation already checked” (yel-
low). A yes-answer means that the regulation for the corresponding
item is compliant; “not relevant” is used for items that do not relate
to the target organisation’s operations; and “not controlled” or “fol-

2 An overview of Norwegian industry codes can be found at: https://www.
ssb.no/en/klass/klassifikasjoner/6

low up later” are used if the inspector does not have time or lacks
the knowledge/information to follow up the item immediately during
the inspection. Finally, “regulation already checked” means that the
checklist contains another item that corresponds to the same regu-
lation. Since CBCBR relies on binary target labels for training and
prediction, we have designated the “non-compliance” answer as 1
(positive) and the rest of the answers as 0 (negative). The logic is
that 1 means that non-compliance is found and 0 means that non-
compliance is not found. The resulting binary values, mapped from
the answers, are also used to update CBCBR and provide dynamic
updates with additional items for the checklist.

Dynamic Updates to the Checklist. Dynamic updates to the check-
lists are implemented as dynamic recommendations for additional
items to use during the inspections. Figure 4 demonstrates a rec-
ommendation of an additional item, based on all the answers from
Figure 3. The recommended item is appended to the bottom of the
checklist if the user presses the “yes” button in the dialogue, and
it is answered in the same manner as ordinary checklist items. In
our implementation, dynamic updates are attempted each time all the
checklist items grouped under a headline have been answered. This
is the case in Figure 3, where all items under “organisational working
conditions” have been answered. It is also worth noting that some-
times no recommendations are made if there are no eligible items
outside the checklist that have received sufficiently increased poste-
rior probability estimates to appear in a recommendation. Below the
recommended item in Figure 4, an explanation is also provided. The
explanation shows the answer on the checklist (Figure 3) that had
the most impact on the recommendation of the item, as described in
Section 3. For the purpose of the field study, we have encouraged
inspectors to accept any dynamic items that are recommended for
the checklists. We have chosen not to dynamically remove checklist
items, or forcibly append new items to the checklists in the software
without user approval as this could strain or confuse users [15].

Using the Prototype in Inspections. We intentionally designed the
prototype to operate in a wide range of labour inspections. This is
important as the execution of labour inspections is contextual and
varies [33, 38]. Inspections can be based on conversations in an of-
fice, or perception-based where inspectors walk around and inspect
working areas or equipment. Before an inspection starts, an initial
checklist is created with the prototype. As the inspection progresses,
the checklist (including any dynamic items) is filled out as described
above. After the inspection is completed, the inspector saves the
checklist to an Excel spreadsheet and then manually uploads it into
the case management system where a draft for an inspection report
is automatically generated.
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Figure 5. A simplified version of a traditional checklist currently used by
NLIA for inspections in hotels and restaurants. A yes-answer on the check-
list means that the inspected organisation is compliant with the regulation in
question, while no means that it is non-compliant.

4.2 Comparison of Dynamic vs. Traditional Checklist

An example of a traditional checklist is presented in Figure 5, to
highlight the difference from the dynamic checklist in Figure 3. Fig-
ure 5 shows one of many different checklists that are typically used
for an inspection at a hotel (ISC 55.101). The checklist contains 7
items that focus only on working agreements, working hours, and
wage requirements. The dynamic checklist in Figure 3 is generated
for ISC 55.101 and has 5 items, plus the dynamic recommended item
in Figure 4. It covers working agreements, working hours, systematic
HSE risk assessments, and overtime payments. The content of the dy-
namic checklist is broader and more relevant to the inspected organi-
sation and addresses more specific violation risks than the traditional
checklist. More specifically, both checklists cover working agree-
ments and salaries but the dynamic checklist also focuses on routines
to minimize risk of injuries and ensure decent working hours.

It should be noted that the relevant content of a checklist varies
depending on the inspected organisation, as the applicable HSE risks
and regulations also vary between organisations. This is a challenge
with the current traditional checklists, as hundreds of predefined
checklists need to be maintained (NLIA has 369) [13]. Selecting the
correct traditional checklist for each specific inspection can therefore
be difficult. Such variations are not a problem for dynamic checklists,
since they can be created on-demand specifically for each inspected
organisation.

4.3 Prototype Configurations and Setup

We are using the same configurations as Flogard et al. proposed for
their example demonstration of CBCBR, where the components of
the query q are θ = 100%, κ = 70. The NBI model is imple-
mented via MSSQL2019 and uses the same fixed prior parameter
values as Flogard et al. [15]. CBCBR’s similarity-based retrieval is
implemented via myCBR [3]. To generate the dynamic checklists,
the prototype relies on the dataset that Flogard et al. introduced for
generating labour inspection checklists [14]. The dataset contains
N = 1967 different unique checklist items from checklists used in
59989 past labour inspections. Another related dataset exists [13],
but it is not suitable for creating new checklists from scratch. We are
using the municipality/county and industry code hierarchy from the
dataset as features to represent organisations (x) [14, 15]. The GUI

(a) Test group distribution of inspec-
tions using dynamic checklists.

(b) Control group distribution of in-
spections using paper-based check-
lists.

Figure 6. The diagrams show the number of inspections conducted within
each industry2. For the test group, most of the inspections were conducted
within the Accommodation & Food (I) and Construction industries (F). The
majority of the inspections of the control group were carried out in Construc-
tion businesses (F).

of the prototype is implemented via TKinter and installed on Mi-
crosoft Surface Pro tablets. CBCBR also runs locally on each tablet.
Response times for generating an initial checklist and for dynamic
updates are circa 10 and 5 seconds, respectively.

5 Field Study with Dynamic Checklists

In this section, we present the results from testing our implemen-
tation of explainable dynamic checklists in labour inspections. The
purpose of the field study is to test the assumption that the checklists
increase labour inspection efficiency and the number of violations
found by inspectors.

5.1 Method and Design.

Design of a Test and Control Group. For the study, seven of NLIA’s
inspectors volunteered to participate. The field study is conducted as
a paired test where the same seven inspectors participate in both a
test group and a control group. The test group consists of 69 inspec-
tions conducted between March 1. 2022 and October 1. 2022, using
the CBCBR prototype. The control group consists of 171 ordinary
inspections that the same inspectors conducted within the same pe-
riod using NLIA’s standard paper-based checklists, without any inter-
ventions from us. Figure 6a shows how the 69 inspections in the test
group are distributed. Most of the efforts are concentrated on Accom-
modation & Food (I, with 33 inspections), Construction (F, with 17
inspections), and Wholesale & Retail (G, with 9 inspections).2 Figure
6b shows a different distribution for the control group, where most of
the inspections are conducted within the Construction industry. For
both the test and control groups, the inspections in Accommodation
& Food (F) were carried out by four of the seven inspectors. The in-
spections in Construction were distinctly carried out by further two
of the seven of inspectors. The inspections in Wholesale & Retail
and the remaining industries were carried out by the one remaining
inspector, in addition to three of the inspectors from Accommoda-
tion & Food. The inspections were divided in this manner to avoid
disrupting NLIA’s inspection efforts and allow inspectors to freely
select their targets (discussed in the ethical statement), as inspectors
tend to be specialists and therefore carry out most of their inspections
within a few industries that are familiar to them. We reviewed other
factors such as the size (number of employees) and location of the
inspected organisations and found no significant differences between
the test and control groups.
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Measuring Results. Because labour inspections are industry ori-
ented and due to the differences between the distributions of inspec-
tions in the test and control group in Figure 6, we report the results
from the study by the following categories to address bias: Accom-
modation & Food (I), Construction (F), Others and All inspections.
This is important as there are substantial differences in how check-
lists are used and inspections are carried out between Construction
and Accommodation & Food. There are relatively few inspections
in Wholesale & Retail (G) and the other industries in our study. We
therefore grouped these industries into the category named Others,
as the inspection results in these industries are similar. The results
are reported for each category in terms of average relative frequency
of checklist answers per inspection, average number of discovered
violations (Avgv), and average length (Avgl) of the checklists used.
We also use two different average precision scores [14, 15]. These
are calculated from a set of N completed inspections as follows:
Precv = 1

N

∑N
i=1

vi
|yi| and Precr = 1

N

∑N
i=1

ri
|yi| . |yi| is the

number of items in each completed checklist yi (predicted positives),
vi ∈ R≥0 and ri ∈ R≥0 is the number of violations and the number
of reactions in the i-th inspection (true positives), respectively. Each
checklist can at most have one violation/reaction per checklist item,
so that vi ≤ |yi| and ri ≤ |yi| always holds. In words, Precv can
be explained as the average number of violations per checklist item
and Precr as the average number of reactions per checklist item. We
also use an additional statistic DPrecv , which is Precv calculated
exclusively on the dynamically added part of the checklists. Ideally,
it would be beneficial to have more statistics such as recall or accu-
racy in the study. However, the ground truth (negatives) needed to
calculate these is not feasible to obtain [14]. To compare the overall
results from the study with current cross-validation scores, we use
an industry-weighted average precision score from all inspections
in the study to remove bias (see Fig. 6): WeightedPrecision =
∑

j wj Precv(j), where Precv(j) = 1
Nj

∑Nj

i=1
vi
|yi| is calculated

on the set of all (Nj) completed inspections within each industry j
(see Precv). The weights w satisfy

∑
j wj = 1 and each wj is cal-

culated using Flogard et al.’s dataset [14] D as follows: wj =
Sj

SD
,

where Sj is the number of inspections in D within industry j and SD
is the total number of inspections in D.

5.2 Qualitative Results and Discussions.

We conducted both conversational and structured qualitative inter-
views with the inspectors in the study, which are summarized due
to space restrictions: Overall, the CBCBR prototype is mostly well-
received. Most of the inspectors reported an increase in the number of
significant working environment violations they found in the inspec-
tions when using dynamic checklists, but they also had to spend a bit
more time on case management afterward to follow up on the extra
violations. The inspectors also perceive dynamic checklists as more
relevant to the target organisations, in comparison to the existing
paper-based checklists. This is because the content of each checklist
is tailored to match the working environment risks in each organisa-
tion. The inspectors also reported that they found violations on items
that they normally would not think of, especially among the dynam-
ically added items. They found the explanatory probability estimates
(explanation method 1) helpful to understand the model’s confidence
in finding violations to items on the checklists. The explanations for
the dynamic checklist updates (explanation method 2) were also use-
ful, both for understanding how and why they should be used. On
the negative side, the inspectors reported that dynamic checklists are

more difficult to memorize than their paper-based counterparts due
to their uniqueness. The checklists also require more attention from
the inspectors when operated due to the dynamic updates. The pro-
totype’s GUI also needs some improvements.

Table 1. Quantitative results from the test and control group of inspections
conducted in the study.

Test Group - Dynamic Checklists
Acc&Food Construction Others All

Avgv 9.03± 0.52 2.94± 0.76 3.53± 0.59 6.02± 0.54

Avgl 17.0± 0.49 17.5± 0.49 16.2± 0.58 17.0± 0.31

Precv 0.53± 0.02 0.17± 0.02 0.22± 0.02 0.35± 0.01

Precr 0.37± 0.02 0.11± 0.02 0.18± 0.02 0.25± 0.01

DPrecv 0.71± 0.10 0.24± 0.09 0.12± 0.06 0.49± 0.08

Control Group - Traditional Checklists
Acc&Food Construction Others All

Avgv 7.50± 0.86 2.88± 0.26 2.78± 0.38 3.70± 0.26

Avgl 17.6± 1.05 22.1± 0.78 19.1± 0.86 20.6± 0.56

Precv 0.42± 0.03 0.14± 0.01 0.15± 0.01 0.15± 0.01

Precr 0.30± 0.03 0.09± 0.01 0.10± 0.01 0.12± 0.01

5.3 Quantitative Results and Discussions.

Overall Results from the Field Study. The results in Table 1 show
significant increases in the average number of violations found per
inspection (Avgv) between the test and control groups. For all in-
spections, the increase is 62.7% (6.02 vs 3.70), but some of the dif-
ference can be explained by the fact that the test group contains more
inspections conducted in Accommodation & Food than the control
group (see Figure 6), where inspectors find more violations than any
other industries. For Accommodation & Food and Others, the in-
creases are 20.5% (9.03 vs 7.50) and 27% (3.53 vs 2.78) respectively,
which are significant and likely attributed to the dynamic checklists.
It seems that the dynamic checklists are less effective in Construc-
tion, as the increase in Avgv is insignificant. However, the average
precision per checklist item for violations (Precv) for Construction
is still significantly higher in the test group, as the average checklist
size (Avgl) is lower. Precv is also significantly higher in Accommo-
dation & Food and in Others as well, as more violations are found.
The benefits of finding more violations are discussed in Section 1,
and shorter checklists may also decrease time spent on the inspec-
tions and the cognitive load for the inspectors [12]. Thus, the overall
increases in Precv in the test group can therefore be seen as indica-
tors for increased labour inspection efficiency [14, 15]. The results in
Table 1 also support Flogard et al.’s claim that dynamic updates to the
checklists increase overall precision [15]. DPrecv is the precision
score exclusively for the dynamic part of checklists and the overall
score is 49% (0.49), which is significantly higher than the Precv
score of 35% for the full dynamic checklists in the test group. With-
out the checklist updates, the overall Precv would have been 33%.
The effectiveness of the dynamic items varies among the industries,
and they seem to be less effective in the Others category (test group)
as DPrecv is 9 percentage points less than Precv .

Distribution of Checklist Answers. Table 1 also shows variations
in the scores between different industries, which are similar for both
the test and control groups. Therefore, we look more closely into
how the checklists are used in the different industries for the test
group only. Table 2 shows the distribution of checklist answers in the
test group. There are clear differences in how inspectors interact with
the checklists, based on the industries. For all industries combined,
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Table 2. Average relative frequency distribution of checklist answers per
inspection from the test group in the field study.

Acc&Food Construction Others All

Non-compliance 0.53 0.17 0.22 0.35
Yes 0.42 0.52 0.59 0.49
Not controlled 0 0.06 0.04 0.03
Not relevant 0.04 0.25 0.15 0.13
Follow up later 0.01 0 0 0
Total 1.00 1.00 1.00 1.00

35% of the checklist items are non-compliant, 49% are compliant,
and the rest are either not controlled or not relevant. The Construc-
tion industry has the highest share of checklist items marked as “not
relevant” and “not controlled” (31%), which is interesting as Con-
struction also has the lowest Precv scores in Table 1 for both the
test and control groups. In contrast, the shares of these answers in the
Others and Accommodation & Food categories are only 19% and 4%
respectively. Therefore, it seems that inspectors generally find check-
lists less relevant for inspections in Construction, compared to other
industries. There are also considerably less yes-answers and more
non-compliance-answers in Accommodation & Food compared to
the Others category, which indicates lower compliance with overall
working environment regulations for this industry. However, some
of these observed differences between the industries may not be
industry-specific but could be caused by individual differences be-
tween inspectors of the different industries. This is because inspec-
tion efforts in each industry are distinctly divided between the 7 in-
spectors participating in the study, pair-wise for both test and control
groups as mentioned earlier.

Field Study versus Cross-Validation Performance. Figure 7 shows
the average precision performance scores for dynamic vs. traditional
checklists for different experimental setups. The right plots show
Precv scores based on estimates, using empirical distributions from
the validation parts of the dataset [15]. The middle plots show cross-
validation scores using only available ground truth labels [15]. The
left plots show the overall Precv scores from this field study, which
are weighted according to how inspections are distributed among in-
dustries in Flogard et al.’s dataset, for comparisons with the other
plots. For the baseline traditional checklists (orange), all the scores
are nearly identical with 0.17 for the field study and 0.18 for the data
sets. For the dynamic checklists (blue), the weighted score from the
field study (0.24) is much lower than the cross-validation scores of
0.32 and 0.50. This indicates that the cross-validations are unable
to accurately estimate the field performance of dynamic checklists.
The discrepancies might be attributed to confounding factors related
to the use of checklists in the real world that are not accounted for
in the cross-validation, such as how users interact with their check-
lists [16]. Cross-validation may still not be completely unreliable, as
Figure 7 shows that dynamic checklists consistently outperform tra-
ditional checklists in both the cross-validations and field study. Yet,
the differences between the field study and cross-validation results
highlight the importance of field-testing ML methods.

6 Conclusion

In this paper, we developed a prototype based on the current state-
of-the-art ML method for generating dynamic checklists (CBCBR).
We also propose two different approaches for explaining the con-
tent of the checklists to inspectors, which are implemented into the
prototype. The prototype is tested in a field study of real-world
labour inspections. The results indicate that the efficiency of labour

Figure 7. Weighted average precision scores from this field study (left)
versus ground truth precision (middle) and estimated precision scores (right)
from cross-validations done in previous work [15]. The standard error is 0.01
for the field study and 0 for the rest.

inspections significantly increases with explainable dynamic check-
lists. The way checklists are answered varies based on the industry
where the inspections are carried out. Some of these variations could
be caused by individual differences in inspection practices between
inspectors. Our findings also suggest that current cross-validation
methods [15] do not accurately reflect real-world performances of
ML-based checklists. Field testing is therefore essential for obtain-
ing fully reliable estimates of checklist performance.

Research on using ML for generating checklists is in an early
stage. Despite this, we believe that the results from the field study
are strong enough to encourage labour inspection authorities to adopt
and further develop ML methods for creating checklists, which could
increase national and global levels of compliance with labour rights
and reduce injuries (SDG indicators 8.8.1 and 8.8.2). NLIA has al-
ready plans to further develop our prototype into a system that can
be used nationwide in Norway, replacing the 369 different traditional
checklists currently being used [13]. To accomplish this, improving
the user interface of the prototype is important. Based on the results
from the study and the feedback from the inspectors, it is likely that
doing so could further increase inspection performance. The dataset
used for the prototype does not have many features, so adding more
features and using feature selection could be an option to optimize
performance [13, 26, 24, 25]. Another direction for future work is
to take advantage of the transparency of the CBCBR method, and
develop more explanation methods to promote and increase the in-
spectors’ trust in the system. In particular, inspectors have requested
methods that provide counterfactual explanations for why certain
items have not made it into their checklists.

Ethical Statement

We seek to avoid conducting research in ways that can have nega-
tive impacts. An ethical concern for this field study is that the time
the inspectors spend on inspections for the study could be spent on
something else. Thus, we designed the study to avoid disrupting in-
spectors from their daily tasks or degrading the quality of the in-
spections. Some of the design choices may therefore not be optimal
from a scientific point of view, such as letting the inspectors select
organisations for inspections based on their own decisions (in both
test and control groups) or that appending extra dynamic items to the
checklists is not done automatically without approval from the user.
Privacy for the participating inspectors is also a possible concern,
and we have therefore collected an informed consent from the partic-
ipating inspectors for the purpose of this paper. We have also taken
care to not provide any results or information in this paper that can be
used to identify any businesses subjected to the labour inspections.
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