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Dear Editor:

Deep Learning (DL) has brought a paradigm shift in innumerable fields and allowed machines to learn and decide to a very
high extent. Its advantage is that it can analyze large sets of data, identify rather complex patterns, and learn from experience.
DL models are widely used to perform complicated tasks [1], [2]. The state of the art in DL includes neural networks with
two or more tiers and it has made progressive improvements in fields like image and voice identification, writing
comprehension, language generation, and even decision-making self-governing systems [3]. These have led to growing
concern and anticipation in the efficiency and rate of change that Al can bring about in industries and people [4].

Nonetheless, it is important to recognize that despite all the magnificent accomplishments of deep learning, the systems built
using it are hardly replicas of the human brain [5]. Although DL is very effective in many different fields, its current potential
is still rather limited if compared to the human brain [6]. These are nonetheless important to note because they allow us to
keep in check the expectations we have about the potential of DL. Although DL can accomplish amazing things, there are
some tasks, for instance, creative thinking, that the DL will never be capable it [7].

The basic concept that underpins all DL methods is that of using data and this data has to be categorized to train the models
[8]. A major challenge commonly associated with DL models has to do with the need for large volumes of labelled data to
feed the networks [9]. Experts, for instance, can acquire knowledge for applying a certain procedure or solving a particular
problem from just one or few samples, whereas; deep models or learners require a vast sample to be able to perform basic
tasks optimally [10]. Choosing only the data over using it in the training process comes with key difficulties, especially for
applications in fields with a small number of labeled data or where such data is expensive to come by [11]. Besides, these
models are usually dependent on the quality and amount of data fed into the model and can reflect the errors and prejudices
of the feed data [12].

One of the challenges of DL is that it is often described as a ‘black box’ and it is not always easy to know how it arrives at
its decisions [13]. This sets a preliminary constraint in comprehending how its techniques work [14]. Several authors have
dealt with this problem using Explainable Artificial Intelligence (XAl) [15]. However, since XAl methods give results in the
form of graphs and tables, these are often relatively intricate and give rise to another problem [16]. Additionally, with the
abundance of these methods, another challenge arises, in particular, further work is in identifying which method is better to
apply for the interpretation and which one is more clear or related to human thinking to explain the black box and make it
more comprehensible [17].

Also, the DL models are perturbable, where a slight change in the input data results in an opposite output or different [18].
This is a key strength of people over models in that such models are very sensitive to context changes in contrast to human
cognition which hardly changes even with minor differences in the input it receives [19]. This decision-making approach is
a significant concern because it may pose a threat, especially in fields that require safety and certainty such as self-driving
vehicles and data protection from hackers [20].

Furthermore, the DL models perform exceptionally in one context but fail in generalizing to other contexts of similar
problems. While human intelligence can easily transfer information and knowledge to various contexts; it was found that
DL models can generalize the info only within the given datasets [21]. Such a form of deficiency does not allow these models
to change as influenced by varying circumstances and situations in the real world while at the same time lacking the common-
sense aspect, which is a key foundational requirement of good models [22].

So, the aforementioned limitations must be considered for a more conservative approach to using DL technologies. While
these models have undoubtedly enhanced a wide range of abilities and contributed to self-sufficiency, they are not superior
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to the human mind [23]. The problem arises when practitioners use DL without fully understanding its limitations, leading
to adverse effects, especially in critical fields like healthcare, autonomous systems, and decision-making processes [24]. For
instance, in healthcare, DL models may misdiagnose rare conditions [25]; in autonomous systems, they have failed to
recognize objects, causing accidents [26]; and in decision-making, such as credit scoring, DL can inherit biases from training
data, leading to unfair outcomes [27].

In DL, one of the major issues that leads to bias is the training data [28]; it is possible to arise and the results manifest
differently from the existing prejudice if the data set is imbalanced or erroneous. Bias is also a problem that is not easily
apparent because the decision-making process of models is concealed within what is referred to as the ‘black box’ [29]. On
the other hand, the bias that emanates from the human being can be attributed to the experiences and the society in which he
lives, and even though such bias is unconscious, it is something that can be understood and changed by the individual. The
effect of bias in DL can be far-reaching due to the nature of these systems, that is, they are scalable while a natural bias will
affect few, but when it does it can be influential (see Figure 1).

Thus, it can be stated that DL is a valuable addition to the arsenal of Al techniques; however, one must remember certain
constraints remain [30]. To date, human intelligence which can learn from small data sets, justify the involved decisions, and
handle new situations has not been surpassed. In essence, as we proceed with constructing the use of Al technologies in our
society, we must have this knowledge in mind to allow for the use of these gadgets with the weaknesses that are characteristic
of them with the strengths of allowing for the use of these tools in supplement of human decisions.
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Fig. 1. DL VS. Human Brain Based on Current Limitations Factors.
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