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We propose a novel approach to explainable artificial intelligence (XAI) that uses
concept channels to build neuro-symbolic classifiers. The concept channels use neural
techniques to extract interpretable representations from raw data. Symbolic techniques
are then used to reason over them. By doing this, we leverage the strengths of the two
worlds, namely the ability of neural learning models to discover hidden patterns and
to tolerate uncertainty in data, and the innate explainability and interpretability of
symbolic programs.

This work focuses on the classification task and introduces a new concept-based
neural architecture. Using background knowledge, neural channels are each trained to
detect the presence (or absence) of a single concept. Together, they yield a concept
probability vector which, when transformed by a class concept map, gives a class
probability vector from which predictions can be made. Re-application of the trained
neural channels to the training data offers additional background knowledge in the
form of class concept mappings, as well as a set of concept probabilities over which
Näıve Bayes reasoning is performed.

The transformation between concepts and classes bridges the gap between black
box neural representations and the reasoning required to produce a classification.
Furthermore, because each concept channel only detects one concept, it can produce
its own relevance map showing where its concept was found.

1 Introduction

Artificial intelligence (AI) is transforming many aspects of our lives. AI is increasingly
able to diagnose medical conditions as reliably as doctors [1], Large Language Models
achieve remarkable performance on most natural language processing tasks, and a
personalized e-learning experience can be delivered with minimal human input [2].
The success of AI is largely driven by neural networks, which are notoriously difficult
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to interpret or explain. However, explanations are essential in high-stakes or safety-
critical domains, such as healthcare and autonomous vehicles [3].

Explainable AI has become an important branch of both fundamental and applied
research, with many approaches and techniques used [4–6]. Interpretability enables the
plausibility with which a classification or prediction can be assessed. Without inter-
pretability, the danger of misclassification is always present. Uninterpretable classifiers
carry risk: making commercial or safety decisions learned from poor data or spurious
examples raises the question of who is responsible if they get it wrong [5]? Without
interpretability, it is difficult to trust a model, and if users do not trust a model or a
prediction, they will not use it [7].

An approach to XAI is to design and build models that are explainable [8]. Such
white or transparent box models including decision trees, linear models, and logic
programs are considered explainable as long as their size is sufficiently small [4]. Deep-
ProbLog [9] uses neural networks to learn the predicates for probabilistic Prolog.
Another white box method with a symbolic component [10] embraced a rule-based
interpretable classifier using Bayesian probabilistic analysis. These models provide
transparency because it is possible to follow their decision-making processes.

In AI, human knowledge is often assumed or required in the form of theories
[11] or heuristics [12]. Heuristics, designed using human understanding of a problem,
can speed up convergence to a good or potentially optimal solution (e.g. admissible
heuristics in A*), or well-vetted theories allow for answering causal questions from
observational data [11]. In this paper, we show that a certain level of human input
allows for accurate interpretability of machine learning models.

Deep neural networks are not symbolic, and there is no easy way to interpret their
decision-making processes. The network itself is made up of a set of large multidi-
mensional tensors that denote the weights associated with the edges that connect the
nodes (artificial neurons). Accounting for individual weights, or explaining the func-
tion of any given node (or group of nodes), is the subject of ongoing research, e.g.,
using mechanistic interpretability [13].

Neural networks operate in high-dimensional vector spaces that cannot be imme-
diately mapped to interpretable representations. It is difficult to know which features
(pixels) of an image cause which activations in a network, and it is difficult to know
which activations contribute to an overall classification. The problem is exacerbated
by the existence of poly-semantic neurons which carry more than one type of knowl-
edge, and because individual (groups of) features may be common across many classes.
To illustrate, Figure 1 gives 10 examples of digits in the MNIST digit test set that all
have a common feature: the value of pixel (14, 14) = 252. It is the relationship between
pixel values as much as the individual pixel values themselves that carry meaning; the

Fig. 1: Digits with a common pixel
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information carried by an individual pixel depends on whether the pixel is part of a
horizontal line or part of a vertical line.

This research offers an approach to classification that is designed to be, at least
partly, explainable; it couples neural deep learning components with symbolic compo-
nents to improve the quality of classification explanations. The symbolic components
use human-understandable rules to reason over the outputs of the neural components.
The neural components offer some degree of explainability by producing relevance
maps and detecting concepts.

Our idea is to train a small neural model to map a highly dimensional image feature
vector to a much lower dimensional concept vector and perform symbolic reasoning
over this concept vector. Our approach differs from other concept-based approaches to
explainability because we use human background knowledge to design the concepts,
and then guide the neural components to detect them. This then leads to human-
understandable reasoning. We also explore a sampling-based approach to see how
human background knowledge performs against random background knowledge.

2 Related Work

The explainability problem arises because of the sub-symbolic representation of knowl-
edge within a neural network. Artificial neural networks are trained by adjusting the
weights between large numbers of neurons (nodes) in a network. Even small networks
often contain large numbers of neurons; the comparatively small LeNet5 network [14]
classified the MNIST digit dataset with a network composed of 6× 105 nodes. Large
language models have 10’s or 100’s of billions of nodes. The internal representation
of an input vector is made up of the node activations across the network. With so
many nodes, the mapping between the input vector, the internal representation, and
the output classification is unintelligible to humans.

Several post hoc approaches have been proposed to explain how neural networks
and other black box models make a certain decision. LIME [7] produces local linear
explanations by computing a simple model that approximates the given model near
a data point. SHAP [15] gives feature rankings based on their marginal contributions
to a classification. There are also techniques for deep multi-layered neural networks
that produce saliency maps highlighting which part of an image contributes most to
a classification [16,17]. These techniques can be applied to existing pre-trained neural
models but do not guide the models themselves to be inherently explainable.

A second set of approaches to explainability has been to integrate neural techniques
with symbolic techniques to create an architecture which exploits the best character-
istics of both types of classifiers. Symbolic techniques use explicit representations that
are understandable by a human [18]. One symbolic technique is näıve Bayes reasoning
which uses evidence, prior probabilities and likelihoods. A second symbolic approach
is linear regression using data to find linear relationships. There are different neuro-
symbolic architectures, including [Symbolic → Neural → Symbolic] in which neural
processing is embedded within a symbolic system, and [Neural[Symbolic]] in which
symbolic reasoning is embedded within the neural system. Two approaches to neuro-
symbolic integration emerge [19]: learning for reasoning in which a neural component
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preprocesses input data to make it more suitable for symbolic reasoning (e.g., neural
processing could reduce dimensionality before a symbolic tree search), and reasoning
for learning in which symbolic preprocessing is performed to aid the neural learn-
ing. Typically, neuro-symbolic integration has four components [20], each of which is
present in our approach:

1. translation of symbolic (background) knowledge into the network,
2. learning of additional knowledge from examples (and generalisation) by the

network,
3. executing the network (i.e. reasoning),
4. symbolic knowledge extraction from the network.

Complimenting these approaches to explainability are a set of concept-based
methods. Concepts are emerging as human understandable characteristics of highly
dimensional feature vectors in which the individual features have no intrinsic mean-
ing (illustrated by Figure 1). The semantic meaning of such a data example is carried
by human-understandable concepts, not by the machine-understandable features. A
growing number of concept-based approaches are being explored [21]. They can be
grouped together using three different types of concept-based explanations:

1. class-concept relations in which concepts (e.g. ‘loop’) are mapped to a subset of
classes (e.g. a loop commonly found in the 0, 6, 8 and 9 classes of the MNIST Digits
dataset) [22–25];

2. node-concept associations where individual network nodes are chosen to represent
concepts (training them using concept loss and backpropagation) [26–29];

3. concept visualizations - using techniques like saliency maps applied to individual
concepts [30–32].

Concept-based explanations can be defined as functions g mapping machine expla-
nations (vectors in a machine explanation space Em) to human understandable
explanations (vectors in the human explanation space Eh) [22]:

g : Em → Eh. (1)

This definition and the fact that machine-based explanations and human-based
explanations can be quite different reveals the difficulty in producing successful XAI.
While machines can be very successful in imitating and even outperforming humans,
they can do so based on evidence and reasoning that is completely different from
that used by humans. By using such reasoning, they are vulnerable to confounding
factors [11], as well as adversarial attacks (undetectable input perturbations designed
to change a classification). Moreover, explanations based on such artificial reasoning
can also be unnecessarily complex, making them less persuasive to a critical human
audience.

Another complexity hidden by Equation 1 is that, for a given model, there can
be many different explanations suited to different humans with different ways of
understanding the world or to different scientific theories [11].
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Fig. 2: Designer Concepts Architecture

Concepts are similar to but different from latent features. In order to enhance
explainability, concepts must be visible (and ideally obvious) to humans. Constrain-
ing representations to express a single well-defined concept in a single network node is
difficult; for example, concept methods are known to experience concept leakage [33]
or a concept whitening module may be needed [34] to attempt to disentangle con-
cept representations. Our use of concept channels is intended to avoid the need for
whitening and prevent concept leakage altogether.

Finally, the original motivation for this work was the intuition that neural networks,
because of their dependence on random initialisations and huge amounts of training
data, are very difficult to test. The same network architecture trained on the same
data will produce a different set of connecting weights. Although work to develop
mechanistic interpretability of neural networks is ongoing, the role of individual nodes
in a neural network is subject to luck [35]. Given these problems, it seemed that any
approach that reduces the number of nodes in a neural part of the system ought to
be easier to mechanistically interpret and so easier to fully test.

3 Method

The architecture used to implement the designer concepts approach is shown in
Figure 2. Input data is preprocessed (normalised, centred, augmented etc.) to cre-
ate a feature vector (x ∈ Rn) suitable for neural processing. The feature vector is
then propagated through the parallel feedforward neural concept channels f(x) =(
fc1(x), fc2(x) . . . fcm(x)

)
to give a concept probability vector (ĉ ∈ Rm). The concept

probability vector is then symbolically translated to an unnormalised class prevalence
vector ŷ ∈ Rk, and then to a class probability vector (p̂(y) ∈ Rk) using the softmax.
The model provides three outputs:

1. Class prediction (p̂(y)): the class probability vector lets us predict the most likely
class.

2. Concept prediction (ĉ): the concept probability vector is provided directly from the
neural channels. Exposing the concept vector allows us to see which concepts have
been detected (or missed).
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4 x x x
5 x x
6 x x x
7 x x
8 x x
9 x x x

Table 1: Prior background knowledge

3. Concept relevances: concept relevances produce saliency maps similar to layer-wise
or concept relevance propagation [17, 23]. Our relevances differ from those tech-
niques in that they are produced directly from the knowledge representations within
the neural channels.

3.1 Neural Training

To train the neural channels, a human-generated prior class concept map (M ∈
Rk×m), based on background knowledge (Table 1) is used to map labelled training data
to concept vectors, y → c (e.g. all 0’s, 6’s, 8’s and 9’s have a loop). After training, it is
used to translate predicted concept vectors back to class probabilities (ĉ → ŷ → p̂(y)).

Each of the neural concept channels implements a function fcn(x) mapping the
normalised input vector to a single concept probability. The channels have been con-
strained to be entirely independent of each other to prevent concept leakage [33] and
were kept as simple as possible. For more complex classification tasks, the channels
could be built upon a shared pre-trained feature detector or have customised neural
architectures based on the nature of their target concept.

Each channel implements a convolutional layer [gc ∗ x] followed by a pooling layer
(Pmax) and fully connected layer wc followed by a sigmoid activation. The overall
concept activation is defined by Equation 2.

fcn(x) = σ
(∑

i,j

(
wcn(i,j) · Pmax([gcn ∗ x])(i,j)

))
1 (2)

Concept relevances rcn(x) are produced by taking the product of the pooling layer
PMax

(
[gc ∗x]

)
and the weights matrix (wc), and retaining the positional indices (i, j).

1i, j represent the position of each node in the pooled output
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The positional indices (i, j) corresponding to the nodes in the pooled layer are scaled
up to match the pixel coordinates of the input image. In this way, the concept rel-
evances, rcn(x)(i,j), show exactly which regions of an image contribute to a concept
identification:

rcn(x)(i,j) = wcn(i,j) · Pmax([gcn ∗ x])(i,j). (3)

The concept activation Equation 2 can be restated in terms of concept relevance:

fcn(x) = σ
(∑

i,j

rcn(x)(i,j)
)
. (4)

Each of the three neural outputs implements a differentiable function, so each of
the three outputs can have a loss function associated with it.

1. Class predictions: a categorical loss function is used to direct the network to produce
correct class predictions over k classes:

LClass(x) = −
k∑

c=1

yo,c log(po,c).

2. Concept predictions: a regression loss2 can be used to direct each of the m concept
channels predict the presence of concepts directly (using the background knowledge
contained in the concept feature map):

LConcept(x) =
m∑
i=1

(ĉi − ci)
2.

3. Concept relevances: a focus loss can be used to encourage the channel classifiers to
find hotspots:

LFocus(x) =
Pavgtotal

(r+c (x))

Pmaxtotal

(
Pavgn×mr+c (x)

) .
The focus loss function LFocus(x) is evaluated on the 2 dimensional relevance

rc(x). It operates on the positive contributions in the relevance (allowing negative
contributions to remain diffuse), and by guiding the network to minimise the ratio
of average temperature to maximum temperature, it promotes relevance with a clear
focus and discourages relevance with a diffuse focus. The shape of the average pooling
kernel (n×m) is used to determine the sharpness of the focus. Figure 3 gives examples
of unfocused and focused relevance maps. The focused maps show far less ‘noise’,
particularly on the 0, 6, 8 and 9 examples.

The modular nature of the architecture, the embedding of human background
knowledge, and the ability to choose where to backpropagate losses gives a good deal
of control over the neural representations learned by the concept channels. It lets us
make those representations explainable.

2A binary cross entropy loss could also have been used.
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Fig. 3: Unfocused and focused relevances

3.2 Symbolic Processing

The output of our neural concept predictors is processed by three distinct symbolic
approaches, mapping concepts to the final classes of the target classification task.

The first approach uses the prior class concept map M (Table 1) to translate from
the concept probability vector to a class prevalence vector ŷ (ĉ → ŷ) followed by the
softmax function (Equation 5) to convert the logit ŷ vector into a class probability
vector p̂(y) used to select the most probable class.

p̂(yi) =
eŷi∑
i e

ŷi
(5)

The second, näıve Bayes, approach uses Equation 6 for Bernoulli-distributed pre-
dictors to find the most probable class. The prior class probabilities, p(yi), and the
conditional concept likelihoods, p(cj |yi), are found by re-applying the trained concept
channels onto the training data. The concept evidence, p(cj), is found using the trained
concept channels on the test data, where each concept channel gives the probability
that each concept is present in each test data item. The probability of a concept being
absent is represented as p(c̄j).

p(yi|c) ∝ p(yi)
∏
j

[
p(cj |yi)p(cj) + (1− p(cj |yi))p(c̄j)

]
(6)

A human understandable basis for the classification can be found by inspecting the
concept vector (ĉ).

The final ‘Posterior Concepts’ approach develops and extends the background
knowledge, analysing the relationship between the learned concepts and the class
attribute of the training data. The trained concept channels are re-applied to the train-
ing data to get a set of new concept vectors (ĉ). Each of these new concept vectors
will have been detected in a subset of the training images and is mapped to the most
common label of the images in that subset. These mappings to the most common class
constitute our third classification method. This technique allows for classifications to
be explained by showing the similar items in the training data. It also provides a degree
of confidence in the classification based on the strength of the majority. It could also
allow for unrepresentative training data to be removed from the training data set.
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Accuracies (%) by Loss Type
Filters Parameters Explain Prediction Concept Both

1 2205

N
o
n
e

91.5 93.7 92.4
2 4410 94.8 96.3 95.7
4 8820 96.0 97.0 97.2
8 17640 97.0 97.7 97.5

16 35280 97.0 97.4 97.3

1 2205

F
o
cu

s 91.0 93.8 93.1
2 4410 94.9 95.9 95.6
4 8820 96.2 97.2 96.6
8 17640 96.4 97.3 97.2

16 35280 96.5 97.6 96.6

Table 2: Testing Accuracies

4 Implementation and Experiments

4.1 Data and Background Knowledge

The MNIST Digits dataset [36] was chosen for the experiments incorporating back-
ground knowledge into a network. It was partly chosen because it has been well studied;
comparing results against other studies is straightforward [14, 37]. It was also chosen
because of the simplicity of deriving and expressing the prior background knowledge
(1’s contain a line pointing up towards the top of the digit, and a line pointing towards
the bottom of the digit. 6’s contain a loop and a line pointing up while 9’s contain
a loop and a line pointing down). The full set of background knowledge is given in
Table 1. The prior class concept map M translates the background knowledge into
a matrix. This matrix implements the symbolic translation of probabalistic concept
vectors ĉ into probabalistic class vectors ŷ:

ŷ = M · ĉ. (7)

4.2 Training the Neural Component

The neural components were created with different numbers of 7× 7 convolutional fil-
ters followed by a 2× 2 pooling layer and trained with losses applied in combinations
to the predictions, concepts and relevance outputs over 10 epochs. Classification accu-
racies were measured by comparing labels (yi) and the result of the softmax function
(Equation 5) applied to the class vector (ŷ) output of the architecture. Table 2 shows
the accuracies on test data.

The table shows that very small models (1 or 2 convolutional filters) perform rel-
atively poorly, but with 4 or more filters the models classify consistently. It shows
that models trained just using a concept loss perform marginally better (approx. 1%)
than those models trained with just a class prediction loss. This can be understood
because concept losses are applied directly to the concept channels rather than indi-
rectly (where the losses must be first backpropagated through the symbolic prior class
concept map).
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Using both prediction and concept losses seems to result in an accuracy somewhere
between the two. There is very little variance between the accuracies of the focused
and unfocused relevance maps, and across the different prediction types suggesting
little trade-off between explainability and accuracy.

4.3 Searching for Background Knowledge

A second experiment sought to remove the dependence on prior background knowledge
by finding an alternative prior class concept map to that specified in Table 1. Two
approaches to the search were considered: a tree search in which concept maps were
expanded by one concept at a time, and a random approach, where class concept maps
were randomly guessed. The idea of this search was to establish the extent to which the
overall performance of the architecture depends on good background knowledge. The
accuracy of the classifiers with randomly guessed prior concept maps was lower than
the classifier with the handcrafted prior concept map but not by much. Averaged over
2624 separate random experiments, the classification accuracy with search methods
was 94.9 ± 0.8%. The very low variance of these classifiers militates against using a
tree search because it is lower than the variance caused by the random initialisation
of neural networks. While the tree search would follow the best path, the result would
be statistically no different from random sampling.

To maintain the quality of the random prior concept maps, they were sampled
with different numbers of concepts and different levels of sparsity (the probability of
a concept mapping to a class). There was also an admissibility constraint applied to
the prior concept map - no two classes could be mapped to the same set of concepts.

There was a weak correlation between accuracy and the number of concepts (4
concepts gave a mean accuracy of 93.5%, while 8 concepts gave an accuracy of 95.2%).
The sparsity parameter made no difference. This experiment indicates that many con-
cept maps are feasible on this data, and domain knowledge is necessary to determine
the right (most useful) one, which agrees with the challenges of scientific enquiry, in
general [11].

4.4 Comparative Accuracies

Overall, the accuracies compare well to many techniques but lag behind the top per-
formers. LeNet5 [14] achieved an accuracy of 99% on the MNIST dataset. In their
review of MNIST classifiers [37] compare 5 neural architectures that achieve test-
ing accuracies ranging from 98.4% to 99.6% - between 1% and 2% higher than our
approach. They report 13 non-neural approaches which all failed to reach the accuracy
of our approach. Comparing the accuracies with and without the custom focus loss
suggests that applying a focus loss has no overall effect on predictive accuracies. Some
classifiers perform marginally better, while others perform marginally worse than their
unfocused counterparts.
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Fig. 4: Saliency maps (rc)

5 Explanation Results

5.1 Explanations using Background Knowledge

The architecture allows classifications to be made using the three symbolic approaches:
using the softmax function applied to the class vector ŷ, using näıve Bayes prior and
posterior probabilities, and using the posterior class concept map. The techniques give
very similar accuracies (97.5 ± 0.3%). For comparison, a classifier using the LeNet5
convolutional architecture [14] was trained over 10 epochs using the same data. As
well as providing a baseline for statistical comparisons of overall accuracy, the LeNet
results allow us to analyse misclassifications of individual data items.

Analysis showed a substantial overlap between the misclassifications made by the
different neuro-symbolic techniques (166 data examples are misclassified regardless of
how the classification was made). It also lets us calculate the number of data items that
were misclasified by at least 2 of the symbolic techniques (228). What was unexpected
was that nearly half of the examples misclassified by the LeNet5 architecture (37 out
of 96) were correctly classified by at least 1 of our classifiers.

Inspecting the input images, there was no obvious human detectable characteristic
which led to a LeNet5 or neuro-symbolic misclassification.

5.1.1 Softmax Explanations

The softmax classifier uses the class probability vector p̂(y) (obtained from ŷ using
softmax) to choose the most likely class. This is the most successful technique but is
the most difficult to explain because there is no direct link back to the training data.
Instead, explaining these predictions relies on the relevance maps (rc) which reveal
which part of an image each of the concept channels is detecting (Figure 4). From
the images, it is clear which part of an image is contributing to the identification of
a concept. The ‘2’ has a yellow area corresponding to the bottom-right concept and a
cyan area corresponding to the top-left. This concept is working as intended. The red
Line Up concept is clearly present in the ‘1’, the ‘4’ and the ‘6’. The ‘4’, ‘6’ and ‘9’ all
have areas of green corresponding to a T junction in roughly the right areas.

However, it is difficult to see where the loop was identified in the ‘6’ and ‘9’, and
there is no sign of the cross in the ‘8’. It might be because a faint dark blue looks like
a clear navy blue.
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Fig. 5: Posterior Class Concept Map

5.1.2 Näıve Bayes Classification Explanations

The Näıve Bayes classification uses Bayes rule (Equation 6) to find the most prob-
able class. Inspecting the probabilities showed values of p(cj |yi) ≤ 0.02 (where the
background knowledge indicates the lack of a concept) and p(cj |yi) ≥ 0.95 (when a
concept should be present); the neural classifiers are very good at detecting what they
are told to detect (Table 1). The prior probabilities of the digits p(yi) ≈ 0.10 because
the training data is balanced across classes.

5.1.3 Posterior Concept Map Explanations

The Posterior Concept Map is derived by re-applying the trained neural architecture
onto the training data to give a concept probability vector ĉ to each training example.
This allows training data items which do not fall into the definitions described by the
prior background knowledge to be used, adding to the background knowledge. In the
training data, there were 105 different concept probability vectors (95 new concept
probability vectors not found in the prior concept map). In the Posterior Concept
Map, for each concept probability vector, the predicted label is the most common label
of those training examples sharing the concept probability vector ĉ. Figure 5 gives
examples of images with concept configurations not found in the prior concept map.
Each row contains digits sharing a concept configuration. The ’0’ row shows images
with the loop and an additional top-left concept. The ‘7’ row shows images with the
line down and top left concept, and an additional loop concept.
The most striking thing about the images in table 5 is the number of those images
that are clearly ambiguous. In the ‘0’ row, there are two mirrored 6’s. In the 4’s row
half of the images could easily be a 4 or a 9.

5.2 Sensitivity of Concept Activation Vectors

Finally, the concepts used in the initial prior class concept map (Table 1) were used
to see if they could be found in the LeNet5 network. Using the fully connected hidden
layer with 128 nodes and with the presence or absence of concepts denoted by the
prior class concept map, a simple neural network was trained to search for Concept
Activation Vectors (CAVs) [22]. Interestingly, our prior concepts were indeed found in
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the LeNet5 architecture. However, when the experiment was repeated with all possible
concept maps (there are 210 possible concept maps - each corresponding to a different
subset of the 10 digits) most of them could be found as well (demonstrating the high
recall and low precision of CAVs).

6 Discussion

This novel approach to building explainable classifiers presents the opportunity to
build neural classifiers that have explainable reasoning, and which have a compara-
tively low number of neurons organised into distinct channels. A channel comprising
a few thousand, or even a few hundred neurons ought to be much more tractable for
other explainability techniques (e.g. automated circuit discovery [13]). It offers a direct
view back onto the training data through the posterior class concept explanations -
which would provide concrete grounds for a classification and would allow unhelp-
ful, or erroneous training data to be identified and removed. While the prior class
concept map is implemented as a fixed layer in a neural layer allowing errors to be
back-propagated through to the concept channels, it could be updated (i.e. learned)
through back-propagation, or updated with posterior concept mappings during the
training process.
More generally, the use of background knowledge to structure classification subsystems
could be applied to any set of machine learning techniques. However, in domains where
background knowledge is unavailable or in a form difficult to represent, this technique
may replace one unexplainable classifier with a different unexplainable classifier.
Finally, the real ambiguity of many of the data items revealed by this approach suggests
that the very high claims of accuracy made by some classifiers could be misleading,
especially if they exceed expert human classifiers on such a simple task.
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