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Abstract: Often without realizing it, we might develop in our everyday life an unconscious heuristic approach 

to working with AI and with those tools that make use of AI. The aim of this article is to outline a framework 

for evaluating artificial intelligence- (AI-) based tools, without the need to understand computing languages 

such as Python or to have detailed technical knowledge of how they were developed. The study offers a 

framework for evaluating AI tools based on Long and Magerko‘s idea of AI literacy andargues that the human 

users may in some cases be better placed to evaluate the capabilities of a tool than the original developers due to 

a lack of appreciation of the context in which it would be used. Finally, the study recommends some heuristics 

for developing non-biased AI tools. 

 

Introduction 
Despite the progress in the field, AI has been viewed through widely different perspectives during its 

long lifetime, dating back over 75 years to the 1950s – from wild optimism to being written off. Unfortunately, 

both attitudes are wide of the mark, and neither extreme is helpful for a balanced appraisal of AI tools.  

There is a common misconception that when algorithms are used, they are the cause of any defects of the 

tool. Yet, it should be taken into account that the success or failure of AI is as much based on the corpus as it is 

on the algorithm. If the corpus used has an imbalance of any racial or ethnic origins, then the algorithm will 

simply replicate that bias. 

Narrow AI tools can, if implemented sensibly, greatly enhance our ability to carry out many of the tasks. 

How these tools are selected and implemented is all important. This study aims to provide guidance on real-

world selection, implementation and, finally, appraisal and metrics. 

 

Main Definitions 
AI tools make use of what is called ‗supervised‘ or ‗semi-supervised‘ machine learning. Supervised 

means there is some human involvement in setting up the tool, usually in determining what the correct answers 

should be.  

‗Machine learning‘ (ML) means the use of a computer to follow a pattern, whether or not the pattern is 

identified by a human.  

‗Natural language processing‘ or NLP means the identification of patterns in spoken or written text. 

To give a specific example for an AI tool, the search query ―How to make a veggie burger?‖ on YouTube 

yields thousands of videos, each showing a slightly different technique for the same task. As this can often be 

time-consuming for a first-time burger maker to go through this plethora of video content, imagine instead, if 

they could watch a compact visual summary of each video so that a summary of all semantically embedded 

instructions could provide a quick overview of what the longer video has to offer.  

As this example shows, a key facet of human intelligence is the ability to effortlessly connect the visual 

and auditory world to natural language concepts. Bridging the gap between human perception (visual, auditory 

and tactile) and communication (via language) is hence becoming an increasingly important goal for AI, 

enabling tasks such as text-to-visual retrieval [9, 61, 81], image and video captioning [43,79,87], and visual 

question answering [7,46].  

Based on the example above, the narrow, or limited, AI described here is based around a few 

components: 

 a corpus 

 a training set 

 a test set 

 an algorithm. 

 

The ‗corpus‘ is the body of content to be analyzed. The corpus contains some information or 

characteristic to be extracted based on the choice of the user such as text or collections of images. 
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The corpus-based approach using a training set uses the process of inductive reasoning. The goal is to use 

existing evidence to predict a likely inference to achieve good quality results so that results are better than a 

human could achieve without the tool. ‗Better‘ in this sense refers to good quality delivered faster, or better 

quality with no loss of time compared to a manual process, or both.  

The ‗training‘ set is a subset of the corpus, which has been tagged in some way to identify the 

characteristic the user is looking for.  

The ‗test set‘ refers to the collection of documents to be used for testing the algorithm, to see how 

successfully it carries out the operation.  

The ‗algorithm‘ is simply the tool that looks at each item in the corpus and enables a decision to be made. 

An algorithm may be as simple (and frequently is as simple) as matching a pattern so that the machine is asked 

to find the closest match between the training set and the test set. Much of computing is based around 

identifying the most effective algorithm to solve a specific problem, for example, how to sort a collection of 

numbers into numerical order. 

 

Review of Existing Studies 
The term AI is frequently used as a buzzword to give the impression that a tool is more sophisticated than 

it really is. In practice, the kind of small-scale AI described above is very closely linked to ‗string matching‘ or 

other well-established simple techniques. String matching means the use of a machine to identify instances of a 

sequence of characters in a text.  

According to Russell and Norvig, one should define AI as the creation of intelligent agents. An agent is 

here defined as a system that can ―perceive‖ its environment and ―act‖ in the pursuit of certain goals. 

Intelligence, in turn, is defined in terms of what philosophers call instrumental rationality: the capacity to 

efficiently achieve one‘s goals.  

On a Turing-inspired definition of AI, artificial intelligence is achieved when one creates machines that 

can successfully imitate thinking human beings. Russell and Norvig define different types of artificial agents. 

For example, simple reactive agents can only act in response to specific stimuli that bring forth certain 

predetermined reactions.  

In a recent paper, ―The Turing Trap,‖ Brynjolfsson contends that rather than focusing on the idea that 

algorithms or robots will become substitutes for human-beings,  envisioning ways of collaboration between 

human-beings and AI might be more beneficial for everyone in the longer term.  

Augmenting a machine learning model with explanations has been studied in existing literature 

extensively. For example, in the supervised learning setting, a model can be fine-tuned using human-annotated 

rationales (Zaidan et al., 2007; Ling et al., 2017b; Narang et al., 2020; Camburu et al., 2018; Cobbe et al., 2021; 

Chung et al., 2022). Zelikman et al. (2022) proposes better rationale generation by augmenting ground truth 

answers as hints when predicted answers are incorrect.  

In order to overcome such biases, it is important to understand models as a complex reflection of the 

many various patterns of association between ideas, attitudes, and contexts present among human-beings. 

Researchers refer to the degree to which a model can accurately reflect these distributions as its degree of 

algorithmic fidelity. The core assumption of algorithmic fidelity is that the model exhibits underlying patterns 

between concepts, ideas, and attitudes that mirror those recorded from human-beings with matching 

backgrounds.  

 
In order for the algorithmic fidelity to establish the generalizability of language models, the following 

four criteria must be fulfilled:  

 Criterion 1 (Social Science Turing Test): Generated responses are indistinguishable from parallel 

human texts.  

 Criterion 2 (Backward Continuity): Generated responses are consistent with the attitudes and socio-

demographic information of its input/―conditioning context,‖ such that humans viewing the responses 

can infer key elements of that input.  

 Criterion 3 (Forward Continuity): Generated responses proceed naturally from the conditioning context 

provided, reliably reflecting the form, tone, and content of the context.  

 Criterion 4 (Pattern Correspondence): Generated responses reflect underlying patterns of relationships 

between ideas, demographics, and behavior that would be observed in comparable human-produced 

data.  

 

https://www.gsb.stanford.edu/faculty-research/publications/turing-trap-promise-peril-human-artificial-intelligence
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A lack of fidelity in any one of these four areas decreases confidence in its usability; a lack of fidelity in 

more than one decreases confidence further.  

Algorithmic fidelity gained increasing popularity when it comes to designing neural networks. Research 

into artificial neural networks has drawn on various disciplines of science and engineering. At its core, deep 

learning involves three steps:  

 
1) A large dataset of training examples is collected.  

2) An expressive neural network is constructed. The neural network is parameterized by the weights of the 

linear building blocks, and adjusting these weights adjusts the function that the network implements.  

3) The error—otherwise known as the loss—of the network over the training examples is evaluated so that 

the weights are then adjusted according to this gradient so as to reduce the error.  

 
Minimizing error on train examples is often sufficient to attain good performance on previously unseen 

test examples. Despite this simplicity, some of the most basic questions surrounding optimization and 

generalization are not resolved.  

- Optimization: Given the gradient of a neural network‘s error, how far and in which direction should the 

network weights be best adjusted?  

- Generalization: Which of the functions that a neural network implements will perform best on unseen 

data.  

 

A large number of optimization algorithms have been proposed for neural networks (Schmidt et al., 

2021), and each has a set of adjustable parameters known as hyperparameters that affect the performance of the 

method. The learning rate controls how strongly the network weights are adjusted in response to the gradient of 

the network‘s error. In the absence of compelling theoretical guidance on how to set the learning rate, best 

engineering practice is to try a logarithmic grid of possibilities and to see what works best (Goodfellow et al., 

2016).  

In practice, these questions are usually addressed by trial-and-error over a set of heuristic techniques. 

Answering this question is important for various  reasons. In many applications one is interested in returning the 

single network that makes the best possible predictions. Besides, in some applications one is interested in 

obtaining some measure of the uncertainty of the predictions of this best network.  

There are many examples of neural networks in use without any mention that an AI tool is being used, 

although, increasingly, the impact of the AI tool might be too subtle to notice. For example, in a Google blog 

post about BERT, an ML technique for NLP, the benefit shown was simply the ability to link a preposition with 

a noun. Whereas earlier search tools tended to ignore prepositions and just focus on nouns, this more 

sophisticated tool was able to identify a meaningful connection between the ‗to‘ and the ‗USA‘. 

More recently, new capabilities have emerged from Large Language Models (LLMs)- a subcategory of 

NLP- as they are scaled to hundreds of billions of parameters (Wei et al., 2022a)to perform well on a task 

having never been trained on with only a handful of examples. Despite the strong reasoning ability of LLMs 

with or without few-shot examples and self-consistency (Wang et al., 2022b) improving the model 

performances still requires finetuning on an extensive amount of high-quality supervised datasets. 

Transformers used in language models became extremely popular given their capabilities to generate new 

text. Usually, LMs take text as input, which is then tokenized into discrete tokens by a tokenizer. Each token is 

then mapped to a learned embedding, which is used as input to a transformer (Vaswani et al., 2017).  

Wei et al. (2022b) propose a language model to generate a series of natural-language-based intermediate 

steps, and show it can help language models better solve complex and multi-step reasoning tasks. Zhou et al. 

(2022a) further decompose the questions into multiple sub-questions, and ask the language model to solve each 

sub-question sequentially. Jung et al. (2022) show that inducing a tree of explanations and inferring the 

satisfiability of each explanation can further help judge the correctness of explanations.  

The study of language models also includes the phenomena of emergent abilities which are defined as 

abilities that are present in larger models. Emergent abilities may arise in prompted tasks in which a pre-trained 

language model is given a prompt for a task framed as next word prediction, and it performs the task by 

completing the response. A prompted task emerges when it unpredictably surges from random performance to 

above-random at a specific scale threshold.  

The second class of emergent abilities encompasses prompting strategies that augment the capabilities of 

language models.  

One example of an emergent prompting strategy is called ―chain-of-thought prompting‖, for which the 

model is prompted to generate a series of intermediate steps before giving the final answer. Chain-of-thought 

https://twitter.com/Google/status/1525188695875366912
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prompting enables language models to perform tasks requiring complex reasoning, such as a multi-step math 

word problem.  

In pursuit of a better user experience, delivering personalized content for each individual user as real-

time response is a common goal of these models. To this end, information from a user‘s latest interaction is 

often used as the primary input for training a model, as it would best depict a user‘s portrait and make 

predictions of user‘s interest and future behaviors. However, efforts to leverage the power of deep learning are 

constantly encountered with problems arising from the unique characteristics of data derived from real-world 

user behavior mainly in two aspects:  

 

(1) The features are mostly sparse, categorical and dynamically changing;  

(2) The underlying distribution of training data is non-stationary. 

 

To overcome such challenges, there is a need for a set of skills for evaluating new AI tools and 

understanding what parameters to measure and possible pitfalls to avoid when introducing a new utility. In other 

words, AI literacy is required to make use of AI tools.  

Long and Magerkodefine AI literacy as ‗a set of competencies that enable individuals to critically 

evaluate AI technologies, communicate and collaborate effectively with AI, and use AI as a tool‘. They further 

define over 30 relevant factors, of which the first five are essential skills for the assessment and 

recommendation of AI tools: 

1. The ability to distinguish between tools that use or do not use AI 

2. Analyze differences between human and machine intelligence 

3. Identify various technologies that use AI 

4. Distinguish between general and narrow AI 

5. Identify problem types that AI excels at and problems that are more challenging for AI 

 
To be specific, the skills outlined here may not necessarily require the ability to code. Once developed, 

AI tools can be extended to domains where their validity is greatly reduced. There are several examples of this 

overextension of AI tools, with predictably irrelevant or meaningless results.  

For many AI tools, a methodology based on the A/B test is feasible, if complex, to provide a solid 

assessment. This process is similar to building or adjusting websites in which A/B tests are often used. An A/B 

test is a randomized trial widely used in website development, in which two versions of a variable, such as a 

web page layout, are shown to different groups of users, and their resulting behavior is measured. A/B tests 

provide the following benefits: 

 evaluations are made with data rather than by guesswork 

 the test gives the response of real users 

 the results enable the estimation of metrics of success – what is an acceptable goal (rather than an 

absolute goal). 
 

As for human evaluation, all human-beings are not equal at this task. It is a well-established principle in 

website design that the best way to evaluate software is to test it with real users, not with the software team who 

built the tool, or with the people tasked with managing the delivery of the tool. 

Without a solid analytical framework, human-beings tend to rely on instinct, which could be described as 

an internal assessment mechanism – they instinctively trust (or do not trust) a familiar methodology, or tools 

they have used before. The role for the information professional of a framework in all this is providing 

credibility: providing users with external validations that enable them to trust a tool and to deploy it with 

confidence.  

 

The AI toolkit: A framework for evaluation of AI tools 
Within the light of this information the following toolkit can be used to evaluate AI tools. Although 

making use of Long and Magerko‘s idea of AI literacy, the requirements here are much more specific. 

 
Goal 

 What is a realistic goal?  
 

Expecting perfection for an AI utility is impossible as AI tools based on a training set cannot have 100% 

accuracy. Nevertheless, the accuracy they provide should be considerably greater than using human-beings for 

the same task. 
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Corpus 

 Is the corpus large enough? Is the training set large enough? 

 What are the start and end dates for the data in the corpus? Does this matter? 

 Who chose the corpus, when was it chosen and for what purpose? Details of the corpus used, like the 

data for a research article, should be publicly stated and accessible. 

 What is the corpus bias? 

 Is the tool likely to raise diversity, equality and/or inclusion issues? 

 Is personal data captured and reused? 

 
Algorithm 

 Have the developers provided a single-sentence summary of the methodology behind the algorithm? 

 
Evaluation and Metrics 

 Who to evaluate: end users or subject-matter experts, or both? Internal or external? 

 What metrics will be used to evaluate the tool? The F1 score, if used, must be interpreted in context. 

 
Sanity check 

 Sanity check/common sense: Have the developers built in ‗common-sense‘ limitations to prevent the 

algorithm being applied too widely? Am I asking a meaningful question? Is this a feasible exercise? 

 Does the tool provide feedback when a question is out of scope? 

 Based on the checks above, is the tool fit for purpose? 

 
Dissemination 

 Is there easy-to-read documentation and guidance for new users that explains in simple terms how to use 

the tool and how it improves on current processes? 

 
Feedback 

 Does the tool provide a feedback loop so it can be improved over time? 

 
Recommendations 

The following recommendations might be useful when it comes to developing reliable and non-biased AI 

toolkits. It is the author‘s opinion that these can also be considered as heuristics of developing frameworks for 

non-biased AI. 

 
1. Take the time to understand your data  

Doing an exploratory data analysis and looking for missing or inconsistent records would be useful to do 

before training a model in order to reflect if any bias exist in the data.  

 
2. Don’t look at all your data  

It is important that one does not make untestable assumptions that will later feed into the model. It is fine 

to make assumptions, but these should only feed into the training of the model, not the testing. So, one should 

avoid looking closely at any test data in the initial exploratory analysis stage. Otherwise one might, consciously 

or unconsciously, make assumptions that limit the generality of a model in an untestable way.  

 
3. Do make sure you have enough data  

If there is no enough data, then it may not be possible to train a model that generalizes.  

If the signal is strong, then one can get away with less data; if it‘s weak, then one needs more data.  

Data augmentation is also useful in situations where there is limited data in certain parts of your data set, 

e.g. in classification problems where there are less samples in some classes than others — a situation known as 

class imbalance. 

If there is limited data, then it‘s likely that one might need to limit the complexity of the ML models in 

use, since models with many parameters, like deep neural networks, can easily overfit small data sets.  
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4. Think about how a model will be deployed  

If the model is going to be deployed in a resource-limited environment, such as a sensor or a robot, this 

may place limitations on the complexity of the model. Another consideration is how the model is going to be 

tied into the broader software system within which it is deployed.  

 

5. Don’t allow test data to leak into the training process  

There are a number of ways that information can leak from a test set. For instance, during data 

preparation, using information about the means and ranges of variables within the whole data set to carry out 

variable scaling — in order to prevent information leakage, this kind of thing should only be done with the 

training data.  

The best thing to prevent these issues is to partition off a subset of data at the start of your project, and 

only use this independent test set once to measure the generality of a single model at the end of the project. 

 

6. Try out a range of different models  

Generally speaking, there‘s no such thing as a single best ML model similar to the ‗No Free Lunch‘ 

theorem, which shows that no ML approach is any better than any other when considered over every possible 

problem [Wolpert, 2002]. So, the aim is to find the ML model that works well for your particular problem 

 

7. Don’t use inappropriate models  

A simple example of this is applying models that expect categorical features to a dataset containing 

numerical features, or vice versa.  

Other examples of inappropriate model choice include using a classification model where a regression 

model would make more sense (or vice versa). 

 

8. Don’t assume deep learning is best  

Non-linear functions are hard to follow at the best of times, but when you start joining them together, 

their behavior gets very complicated very fast. Whilst explainable AI methods can shine some light on the 

workings of deep neural networks, they can also mislead you by ironing out the true complexities of the decision 

space. 

A deep neural network is unlikely to be a good choice if there is limited data, if domain knowledge 

suggests that the underlying pattern is quite simple, or if the model needs to be interpretable.  

 

9. Do optimize model hyperparameters  

Many of the hyperparameters significantly effect the performance of the model, and there is generally no 

one-size-fits-all.  

It‘s much better to use some kind of hyperparameter optimization strategy, such as random search and 

grid search,  

It is also possible to use AutoML techniques to optimise both the choice of model and its 

hyperparameters, in addition to other parts of the data mining pipeline — see He et al. [2021] for a review.  

However, when carrying out both hyperparameter optimization and feature selection, it is important to 

treat them as part of model training, and not something more general that is done before model training.  

 

10. Do evaluate a model multiple times  

Many ML models are unstable. This means that a single evaluation of a model can be unreliable, and 

may either underestimate or overestimate the model‘s true potential. For this reason, it is common to carry out 

multiple evaluations. Crossvalidation (CV) is particularly popular, and comes in numerous varieties [Arlot et al., 

2010].  

 

11. Don’t assume a bigger number means a better model  

There are various reasons why a higher figure does not imply a better model. For instance, if the models 

were trained or evaluated on different partitions of the same data set, then small differences in performance may 

be due to this. If they used different data sets entirely, then this may account for even large differences in 

performance. 

 

12. Do consider combinations of models  

Different ML models explore different trade-offs; by combining them, you can sometimes compensate 

for the weaknesses of one model by using the strengths of another model, and vice versa.  
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13. Don’t generalize beyond the data  

One common issue is bias, or sampling error: that the data is not sufficiently representative of the real 

world. Another is overlap: multiple data sets may not be independent, and may have similar biases. So, in short, 

don‘t overplay your findings, and be aware of their limitations.  

 

14. Be careful when reporting statistical significance  

A positive test doesn‘t always indicate that something is significant, and a negative test doesn‘t 

necessarily mean that something isn‘t significant. 

 

15. Look at your models  

For relatively simple models like decision trees, it can also be beneficial to provide visualizations of your 

models, and most libraries have functions that will do this for you. For complex models, like deep neural 

networks, consider using explainable AI (XAI) techniques to extract knowledge. 

 

Conclusion 
Often without realizing it, we might develop in our everyday life an unconscious heuristic approach to 

working with AI and with those tools that make use of AI. Making an uncritical use of AI tools would risk 

discrediting a whole area of new technology. By using the framework suggested in this study, interested parties, 

without being developers, can become qualified to assess AI tools with confidence. 

By asking the right questions based on a framework and implementing the suggested heuristics, those 

responsible for recommending and assisting in the take-up of AI tools can ensure a much higher success rate for 

this technology.  
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