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Abstract
The general moral concern regarding AI models refers to statistical unfairness (or discrimination) these systems impose. Statistical 
fairness demands that individuals from socially disadvantaged groups receive equal consideration from AI systems as other 
individuals. Moreover, it is widely accepted that we must also consider avoiding inaccurate results. However, statistical fairness 
and accuracy cannot be achieved simultaneously. This result leaves us with insufficient tools to pick the morally best AI model, 
even among a reduced set of models. Therefore, we need a further moral evaluation method (against using fairness as the only 
criterion) to assess AI models' moral performances to pick the morally superior one(s). This article investigates the extent to 
which human dignity is a suitable moral criterion to assess these models further. As a result, the benefits and limitations of using 
human dignity as an assessment criterion of AI models are laid out.
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Introduction
The general moral concern regarding AI models refers to statistical unfairness (or discrimination) these 

systems impose.1 Statistical fairness demands that individuals from socially disadvantaged groups receive equal 
consideration from AI systems as other individuals. Moreover, it is widely accepted that we must also consider 
avoiding inaccurate results. In short, we want our AI systems to perform as accurately as possible. However, 
statistical fairness and accuracy cannot be achieved simultaneously. This conflict is widely accepted in computer 
science and is sometimes called fairness-accuracy tradeoff (Berk et al. 2018, Corbet-Davies et al. 2017, Kearns and 
Roth 2020).

Many who write on the issue suggest algorithmic improvements on both metrics (Kearns et al. 2018; Kearns 
et al. 2019; Kearns and Roth 2020; Liu and Vicente 2022; Valdivia et al. 2021; Wei and Niethammer 2021; Wong 
2020). These studies provide tools for decision-makers to assess the balance between fairness and accuracy in 
machine learning models, offering insights into the limits of unfairness mitigation interventions and the potential 
for attaining fairer results with minimal impact on accuracy. Nevertheless, these authors concede that the fairness-
accuracy tradeoff cannot be annihilated.

When authors compare AI models on fairness and accuracy, they find that some models dominate others. An 
AI model dominates another if the dominating model is superior to the other model, at least in one of the fairness 
and accuracy metrics. Hence, when one is to pick a model to solve a particular problem, it is evident that one 
should pick the model that dominates the alternative models. Nevertheless, some models are not dominated by 
each other. In these cases, one model can be superior to another in the fairness metric, whereas it might fare 
worse in the accuracy metric or vice versa. The models that cannot dominate each other form a curve on a two-
dimensional graph with the axes showing fairness and accuracy values. This curve is called the Pareto front (or the 
Pareto frontier).

This result leaves us with insufficient tools to pick the morally best AI model, even among a reduced set of 
models that fall on the Pareto front. Therefore, we need a further moral evaluation method to assess AI models' 
moral performances to pick the morally superior one(s). This article investigates the extent to which human dignity 
is a suitable moral criterion to assess these models further.

Section 1 explains the concept of fairness in AI models and further discloses statistical fairness. It also explains 
the fairness-accuracy tradeoff. Section 2 introduces the concept of human dignity and its different interpretations. 
Finally, section 3 explains how the concept of human dignity can inform AI decision-makers to pick the morally 
superior model when faced with the fairness-accuracy tradeoff.

The fairness-accuracy tradeoff

Multiple authors point out various unfair impacts of machine learning algorithms on members of socially 
protected groups (Barocas and Selbst 2016, Mittelstadt et al. 2016). Other authors count cases of algorithmic 
unfairness that also affect individuals who are not necessarily members of these protected groups or who face 
algorithmic unfairness not necessarily due to their group membership (O'Neil 2016). In return, various methods 
are suggested to improve algorithms in terms of fairness (Friedler et al. 2019, Lepri et al. 2018).

When we talk about statistical unfairness, we refer to algorithms’ disparate treatment of or disparate impact 
on individuals who belong to socially protected groups. These socially protected groups are usually formed based 
on attributes mentioned in the international human rights law: “race, color, sex, language, religion, political or 
other opinion, national or social origin, property, birth or other status” (UDHR, Article 2).

1In this article, the terms AI model or AI system refer widely to algorithmic models mainly based on machine learning to accomplish 
tasks like job hiring, mortgage lending, college admissions, or medical diagnoses.

184   Philosophy, Society and Artificial Intelligence



A Human Dignity Metric to Evaluate AI Models

It is widely accepted that even though these protected attributes are not used in training machine learning 
algorithms, the algorithms still make predictions that are eventually in line with the possible predictions they 
would have made were they trained on data that includes the protected attributes. Moreover, one's verdict 
on whether an algorithm is fair depends on the fairness metric one commits. For example, after ProPublica 
criticized the notorious recidivism algorithm named COMPAS of Northpointe, the company did not take long to 
defend itself, holding that its algorithm was fair in its understanding of the concept.2 Their dispute stems from 
one party maintaining false positive rates and the other holding positive recidivism prediction rates to be the 
relevant fairness metric. According to Nortpointe, the positive prediction rates of recidivism were sufficiently 
similar between Caucasian and African American defendants, showcasing the fairness of their algorithm. On the 
other hand, ProPublica claimed that it was twice as likely for an African American defendant to be falsely accused 
of reoffending compared to a Caucasian defendant, giving ProPublica enough reason to accuse the algorithm of 
leading to unfair results (Corbett-Davies et al. 2017).

Regardless of which statistical fairness metric one picks, one faces a tradeoff between fairness and accuracy 
for the algorithm in question. Corbett-Davies et al. (2017) prove the tradeoff mathematically before showing its 
effect on the actual data from Broward County, Florida, initially compiled by ProPublica.3. These authors apply 
three fairness criteria to measure their impact on accuracy expectations: statistical parity, predictive equality, and 
conditional statistical parity. The authors then compare the accuracy expectations from the fairness-constrained 
algorithms with those from the unconstrained algorithm. They observe that the expected crime rate increases, 
albeit in different amounts, when the algorithm uses a fairness metric compared to the expected crime rates when 
it runs unconstrained with these metrics.

These analyses show that AI decision-makers can first pick the models that fare better on fairness and accu
racy, thus dominating other models. Second, these decision-makers can benefit from suggestions in the literature 
to improve their models' performance on both fairness and accuracy. Even when AI decision-makers apply these 
strategies, they cannot eliminate the fairness-accuracy tradeoff. The following sections will explain the concept of 
human dignity and investigate the extent to which it can be used to evaluate the competing AI models further.

Human dignity as a moral criterion

The literature on human dignity distinguishes various uses of the concept, where the main distinction is 
between status (or aspirational) dignity and intrinsic dignity (Killmister 2020, Stahl et al. 2023, Rueda et al. 2025). 
Status dignity is further divided into three categories. The first use refers to dignity that signifies an individual's 
family belonging as in aristocratic relations of the relevant historical periods. The second use of status dignity 
refers to the comportment of behavior, showing that an individual behaves in line with the expectations of a 
specific milieu. Such a use of the concept assigns dignity to someone who follows the proper etiquette. The third 
use of status dignity refers to how virtuous an individual is. Hence, according to this sub-category, someone would 
be dignified to the extent they act virtuously.

On the other hand, intrinsic dignity has two separate foundations: the Catholic Christian and the Kantian. The 
Catholic version assigns dignity to each human being because they are created as equals in the image and likeness 
of God (Rueda et al. 2025: 2). And finally, according to the Kantian understanding of human dignity, each human 
has dignity due to their innate possession of a rational nature and the capacity for autonomy. This final account 
of dignity and its interpretations is what this article takes on to develop and utilize to evaluate AI models in light 
of the fairness-accuracy tradeoff.

According to Kant, each human being, regardless of whether or not they act morally, possesses dignity 
stemming from their rational nature. Humans are rational and free, and thus, they can govern their behaviors. 

2See Corbett-Davies et al. (2016) for a summary of the discussion. See Angwin et al. (2016) for the initial claim that the COMPAS 
algorithm was unfair towards African American defendants.

3See Larson et al. (2016).
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Governing their behaviors makes them capable of moral action or acting with moral concern. If humans are capable 
of moral action, they are responsible for what they do and refrain from doing. They are not merely acting as a 
result of natural impulses or other people's commands. They give themselves their own rules, meaning they are 
autonomous. This autonomy is why humans have dignity (Kant 2011: 97, 99. [435, 436]).4

Kant conceptualizes dignity as a value that cannot be ranked comparatively with any other value or any amount 
of the same value. Hence, Kant dismisses any possible comparisons between different persons regarding their 
dignity. Moreover, Kant would not permit the sacrifice of a person's dignity in one place to save more people's 
dignity elsewhere just because more dignity is better than less. This result does not mean Kant's idea of dignity 
can be used to oppose any sacrifice of human dignity. Instead, it means one cannot morally justify the sacrifice of 
human dignity based on its comparison with something more valuable, be it a more dignified person or a greater 
number of people with dignity (Hill 1980: 92).

Nevertheless, the Kantian account of dignity is not devoid of differing interpretations. Cummiskey mentions 
three distinct interpretations of the concept: the substantive, the direct, and the contractualist interpretations 
(Cummiskey 2008).

According to the "substantive interpretation"of the concept, humans possess an inviolable value named 
dignity based on their rational nature. Since human dignity is inviolable, it is always morally wrong to violate 
someone's fundamental rights or endanger someone's security to satisfy one's other desires. Such prohibition 
grounds what Cummiskey calls first-order inviolability (Cummiskey 2008: 403). The problem of the substantive 
interpretation of dignity is with second-order inviolability. According to second-order inviolability, violating 
someone's fundamental rights or endangering their security is prohibited even when such acts could save the 
fundamental rights or secure the safety of even more people. This conclusion is unacceptable because it urges us 
to intentionally ignore the rights violations of many (Cummiskey 2008: 404).

The "direct interpretation"of Kantian dignity focuses on promoting rational nature rather than non-violating it. 
This interpretation is what Cummiskey endorses. He gives two principles, which always ensure that human dignity 
is treated in the right way. According to the first principle, one must always promote the flourishing of rational 
agency in the forms of fundamental rights, security, and capabilities for autonomous choice. The second principle 
instructs one to support conditions for individuals to effectively pursue their own ends, for instance, regarding 
social, economic, and political opportunities. However, the first principle constrains the second, ensuring that 
rational nature is never sacrificed for mere preference satisfaction (Cummiskey 2008: 392).

Cummiskey argues that traditional deontological interpretations of dignity equate this concept with inviola
bility or non-interference, whereas his direct interpretation respects dignity by actively promoting rational agency. 
According to this account, ensuring access to education or healthcare respects dignity more than merely refraining 
from coercion. The direct interpretation distinguishes between the intrinsic value of rational nature (dignity) and 
the derivative value of happiness or preference satisfaction. This distinction mirrors Kant’s distinction between 
dignity and price but frames it in terms of promoting autonomy rather than imposing constraints.

Finally, Cummiskey suggests what he names the contractualist interpretation of Kantian dignity. Among various 
versions of contractualist ethics, T. M. Scanlon's version comes to the fore. According to Scanlon, an action or policy 
is wrong if and only if it is based on a principle which can be reasonably rejected by someone who holds a particular 
standpoint (Scanlon 1998: chapter 5). One reason to reject a principle that grounds conduct could be a violation 
or even threat of violation to human rationality, including the capacity to give oneself rules and determine one's 
own goals.

Cummiskey's criticism of the Scanlonian contractualist interpretation of dignity is two-fold. First, he suggests 
that Scanlon's reasonable rejection criterion is redundant because it must point at some moral value other than 
itself. But if this is the case, the other moral value pointed at is why human dignity is mistreated. Moreover, 

4Numbers in brackets refer to page numbers in the corresponding volumes of the Prussian Academy edition of Kant's works.
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Scanlon's contractualist theory is not helpful in finding this other value. Second, if this other value is human 
rational nature, then Scanlon's contractualism falls in the same trap as the substantive interpretation, mentioned 
above, holding that human dignity is inviolable (Cummiskey 2008: 396).

In what follows, I will investigate the extent to which the concept of human dignity can be handy in picking 
morally superior AI models among the ones that fall on the fairness-accuracy Pareto curve. I will defend that if 
this concept is to be helpful at all for the mentioned purpose, we must pick either the direct or the contractualist 
interpretation rather than the substantive one.

A human dig nity metric to assess AI models

Understanding the fairness metrics

Corbett-Davies et al. (2017) apply various fairness criteria to actual data from Broward County, Florida, to 
observe the results of these criteria on pretrial release decisions. In particular, they apply three different fairness 
criteria (statistical parity, conditional statistical parity, and predictive equality) and compare their results to those 
stemming from what they name the unconstrained algorithm, the decision procedure that does not use any fairness 
criterion.

The unconstrained algorithm suggests the decision makers detain a defendant if their predicted risk, i.e., the 
probability of committing a violent crime if released, exceeds the cost of detention. This rule applies a single 
threshold to all individuals, regardless of race. Statistical parity requires equal detention rates across racial 
groups. The decision rule under this fairness constraint applies group-specific thresholds, detaining individuals 
in each group whose risk exceeds their group's threshold. Conditional statistical parity extends statistical parity 
by conditioning on "legitimate"factors like prior convictions. The conditional statistical parity rule uses thresholds 
that depend on both group membership and legitimate attributes. Finally, predictive equality requires equal false 
positive rates across groups. This rule also uses group-specific thresholds but adjusts them to ensure fairness in 
error rates.

Authors suggest that fairness constrained algorithms use different thresholds for different race groups to 
ensure fairness. Their decision leads to the algorithm's perfect alignment with the relevant fairness metric at the 
cost of an estimated increase in violent crime. The estimated number of violent crimes increases because authors 
assume risk scores reflect the accurate probability of committing a crime. So, if there are 20 defendants with a risk 
score of 0.7 (on a scoring scale of 0 to 1), one would expect precisely 14 more crimes in case all these defendants 
are released. The authors set the algorithm such that for each fairness metric, the algorithm detains 30% of all 
defendants. Hence, even the unconstrained algorithm, i.e., the decision rule that uses a single risk threshold to 
minimize expected crime, will come up with a non-zero expected crime number. If the unconstrained algorithm 
yields 7 expected crimes, then the fairness metric with 14 more expected crimes would give a 50% increase in 
expected crimes compared to the unconstrained algorithm.

In the calculation that Corbett-Davies et al. (2017) pursue, the fairness metrics ensure that the relevant metric 
ensures fairness across racial groups. However, this time, different fairness metrics differ in the percentage of 
detained low-risk defendants. They show that the conditional statistical parity metric gives the lowest percent of 
low-risk detainees, with again the lowest percent of the increase in violent crime. If we accept a lower percentage of 
low-risk detainees as a criterion for a more fair model, then in the authors' example, the AI model using conditional 
statistical parity fairness criterion dominates other models because it fares better in terms of both fairness and 
accuracy. Hence, one would not need a human dignity metric in this case because the best model has already been 
picked: the one with the conditional statistical parity fairness criterion.

To remind, authors use different risk thresholds for different racial groups to decide detention. For example, 
suppose African American defendants are accumulated in higher risk scores. In this case, one might have to detain 
African Americans whose risk scores are 0.6 and higher to ensure conditional statistical parity fairness. Likewise, 
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if Caucasian defendants are accumulated in lower risk scores, their detention threshold could be 0.3. Such a 
difference in risk threshold would then ensure the algorithm's alignment with the relevant fairness metric.

However, using different risk thresholds for different groups would face multiple problems. First, even though 
the above example uses race as the defendants' relevant feature to ensure fairness, one could imagine gender as 
another relevant feature. Now, the decision-makers would have to use different thresholds for the four combina
tions resulting from the two sets of binary feature couples (African American vs. Caucasian and male vs. female).5 
They would need different thresholds for all these new sub-groups to prevent fairness gerrymandering (Kearns et 
al. 2018). One can imagine how difficult this task would become as more relevant features, like age, disability, etc., 
are also considered. Second, including race as a feature may lead to legal and policy issues because someone who 
faces an individually unfair result can demand strict scrutiny, at least according to US laws (Corbett-Davies et al. 
2017: 804).

Therefore, one might have to use a single threshold value for both races to determine which defendants to 
detain. For example, regardless of how defendants of different races accumulate around different risk values (as 
African Americans accumulate around higher risk values whereas Caucasians around lower values), one might 
determine a single risk value and detain any individual whose risk score is higher. Obviously, it is plausible to 
expect to detain more African American defendants than Caucasians since more African American defendants than 
Caucasians have higher risk scores.

In such cases, we can calculate a "fairness gap score"by finding the difference between rates of detainees 
for each racial group. Here, we can claim that an AI model is fairer as it has a lower fairness gap score. We can 
also calculate the total expected crime by multiplying the relevant risk scores (a number between 0 and 1) by 
the number of detainees for each group and then adding them up. The total expected crime number will be an 
indicator of accuracy of the AI model in our case. A higher total expected crime number indicates a lower accuracy 
because it will show that our AI model fails to determine those defendants who are not expected to commit a 
crime if released.

Just as fairness and accuracy cannot be achieved simultaneously (Berk et al. 2018, Corbet-Davies et al. 2017, 
Kearns and Roth 2020), fairness gap score and total expected crime cannot be minimized at the same time either. 
In the example we have been following, this result is not surprising. The exemplary numbers in Table 1 illustrate 
the suggested hypothesis. The numbers there do not reflect the actual data from Broward County, Florida. They 
are given only for illustrative purposes.

Table 1
This table uses exemplary numbers to illustrate how the detainees could be distributed among races for different risk score 
thresholds. Each racial group is supposed to represent 400 defendants. The numbers here do not reflect the actual data 
from Broward County, Florida.

Threshold Caucasians detained African Americans detained Fairness gap Total expected crime

0.3 250 400 37.5% (150) 30

0.5 170 290 30% (120) 95

0.6 110 190 20% (80) 177

0.7 110 150 10% (40) 207

Table 1 illustrates that at lower risk score thresholds, more Caucasians, as well as more African Americans, are 
detained compared to higher risk scores. For example, at a risk score threshold of 0.3, 650 defendants out of 800 
(400 from each racial group) are detained. As the threshold for detaining defendants increases, detainees for both 
racial groups decrease. Hence, more defendants are released, increasing the expected crime number. The fairness 

5Using binary feature couples for race and gender might already incur particular problems due to ignoring non-binary categories. 
However, even with the simplified binary system, decision-makers face the difficulty of determining multiple thresholds.
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gap is higher for the lower threshold numbers. For example, at threshold 0.3, all African American defendants are 
detained, showing that all those defendants have a risk score above 0.3. On the other hand, only 250 out of 400 
Caucasian defendants are detained for this threshold, showing that 150 Caucasian defendants have a risk score 
below 0.3.

Each line in Table 1 would illustrate a different AI model recommending detaining a different set of defendants. 
In this example, AI models that use a higher risk score threshold fare better in fairness but worse in accuracy. If 
one placed these models on a cartesian plane, they would fall on the Pareto front mentioned at the beginning. So, 
none of these models dominate any other. As a result, one does not have a moral criterion to pick among these 
four models as long as fairness is the only criterion we use to assess the AI algorithms. The following subsection 
explains how human dignity can be used to pick among the models that fall on the Pareto front.

Using the human dignity criterion

This section will apply a single fairness metric to the imaginary example in the previous subsection, where 
a single threshold is used for both races. Even though, in this example, the only difference between AI models is 
the risk score threshold they utilize, the results of this section can be expanded to models using other fairness 
criteria, including ones that are not covered in this article.

Remember that Cummiskey lists three interpretations of Kantian understanding of human dignity: the 
substantive, the direct, and the contractualist interpretations (Cummiskey 2008). This subsection will apply these 
three different human dignity conceptions to the previous section's example, where four AI models (with four 
different risk score thresholds) fall on the Pareto front.

The substantive interpretation prohibits violating someone's fundamental rights or endangering their security 
to satisfy one's other desires. Moreover, violating someone's fundamental rights or endangering their security is 
prohibited even to save the fundamental rights or secure the safety of more people. When an AI model recommends 
that an African American defendant is detained due to their risk score, while a Caucasian defendant with all the 
same relevant features—like prior convictions—is released, one has a moral ground to hold that the former risks 
unfair treatment before the law. Since it is plausible to hold that due process of law is a fundamental human right, 
it follows that an AI model that recommends unfair detention of a defendant violates a fundamental right, hence 
a person's human dignity.

However, except for some trivial cases, any AI model risks violating someone's human dignity in the way just 
explained. On the contrary, if an AI model were to release all defendants to avoid violating any person's human 
dignity, this time, it would risk the security of a resident living near a defendant who would commit a crime. 
Since endangering someone's security also violates their human dignity, this decision is unacceptable, like the 
previous one.

As a result, unless society renounces the use of AI models in determining recidivism risks, the substantive 
interpretation of Kant's human dignity is useless in assessing these AI models. One also has to remember that 
using these AI models as decision support systems for detention has a dual advantage. As algorithms that run on 
thousands of data points in fractions of seconds, they are pretty efficient compared to their human counterparts, 
and they are expected to avoid human biases.6

The second interpretation of the Kantian concept of human dignity is the direct interpretation. This version 
of Kantian dignity focuses on promoting rational nature instead of non-violating it. The direct interpretation of 
human dignity requires one to always promote the flourishing of rational agency in the forms of fundamental 
rights, security, and capabilities for autonomous choice and ensures that rational nature is never sacrificed for 
mere preference satisfaction.

6One study found that Miami and Philadelphia bail judges were racially biased against Black defendants and that this bias was 
implicit rather than conscious, explicit bias (Mitchell 2018). We can also think of the notorious "hungry judge effect"beyond the widely 
known bias types like racism or sexism (Danziger et al. 2011).
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The direct interpretation deems "promotion"rather than non-violence as the right attitude toward the rational 
nature. In practical cases, this difference would require reducing the number of rights violations rather than 
avoiding any possible violations. Also, one must increase the security of people rather than avoid all breaches of 
security. Such a difference in general practical attitudes would also affect AI model assessment.

Table 1 shows that AI models with a higher risk score threshold recommend detaining fewer individuals. As 
long as the false negative rate is not 100%, meaning that the AI model is not inaccurately releasing all defendants, 
detaining fewer defendants means fewer rights violations for the inaccurately detained. Hence, even with different 
false negative rates among racial groups, as the AI model's threshold value increases, it better promotes the 
defendants' human dignity according to the direct interpretation of this concept.

On the other hand, AI models that use a higher threshold endanger the security of more residents, as reflected 
in Table 1, with the increase in total expected crime. So, AI models with higher thresholds hinder the residents' 
human dignity. This result contrasts with the previous one, showing that AI models with higher risk score thresholds 
promote the defendants' human dignity better. If the direct interpretation of human dignity is to be beneficial at 
all to solve this puzzle, it has to compare the rate of human dignity's promotion on the one hand with the rate of 
its hindrance on the other.

Table 1 shows that the AI model with a threshold of 0.3 recommends the detention of 650 out of 800 defen
dants, whereas the model with a threshold of 0.7 recommends the detention of 260 out of 800 defendants. Once 
we neglect the false negative values for simplicity, the above numbers yield a 60% decrease in the rate of detained 
defendants. On the other hand, the expected total crime increases by 86% if the model with the higher threshold 
is picked. Since both a decrease in false detentions and an increase in expected total crime are compared on the 
same metric of human dignity, we can conclude that these rates show that the model with the lower threshold 
better promotes human dignity. As a result, the direct interpretation of human dignity picks the AI model with a 
threshold of 0.3 as the morally superior model.

The calculation above has a couple of assumptions. First, we could assume that a decision-making body has 
decided that no less than 30% and no more than 90% of all defendants must be detained. These numbers are 
consistent with the rate of detainees for models that use 0.3 and 0.7 as thresholds respectively. So, to use the 
direct interpretation of human dignity to pick the best AI model, the decision makers must already reduce the set 
of models with a particular criterion before utilizing human dignity later. And second, we neglected false negatives 
for each racial group. The reasoning above without the data on false negatives is still valid; however, knowing these 
numbers could give a more sturdy result.

The final interpretation of Kant's concept of human dignity is the contractualist one. According to T.M. Scanlon's 
contractualism, an action or policy is wrong if and only if it is based on a principle that can be reasonably rejected 
by someone who holds a particular standpoint. One reason to reject an act or a policy is that it violates human 
rationality, hence human dignity. Cummiskey criticizes the contractualist theory in general and the contractualist 
interpretation of human dignity in particular, holding that the reasonable rejection criterion is either redundant 
or, if it is not redundant, then it yields no different results than the substantive account.

In his criticism of Scanlonian contractualism, Cummiskey overlooks the two distinct interpretations of the 
contractualist theory: the ex-ante and the ex-post versions. An ex-ante moral theory evaluates the rightness of 
acts or policies before one observes any results of that act or policy. On the other hand, an ex-post moral theory 
evaluates the rightness of acts or policies only after one observes the results. Many Scanlonian contractualists 
defend the superiority of the ex-ante version over the ex-post version for moral assessment (Frick 2015, Kumar 
2015, Kuyumcuoglu 2021, Kuyumcuoglu 2022, Kuyumcuoglu 2024, Morgan-Knapp 2015).

The contractualist method requires a comparison of complaints of representatives of given standpoints who 
expect to suffer as a result of different principles' general conduct in a society (Scanlon 1998: Chapter 5). To apply 
the ex-ante contractualist interpretation of human dignity to the imaginary example above, we again compare the 
effects of two AI models, one with a threshold of 0.3 and the other with 0.7. This time, instead of comparing the 
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promotion rates of human dignity as we applied in the direct interpretation above, we compare the complaints 
of two representatives. The first representative is a defendant who expects to suffer a higher likelihood of false 
detention if the decision makers pick the AI model with a threshold of 0.3. The second representative is a resident 
who expects to suffer a higher likelihood of being the victim of a crime if the decision-makers pick the AI model 
with a threshold of 0.7.

Both representatives in this example complain on the same moral ground; they risk the violation of their 
human dignity. Hence, we can compare the strengths of their complaints and reject the AI model that instigates a 
greater complaint. The defendant complaining about the AI model with threshold 0.3, can claim that they would 
incur a 60% higher detention risk if the decision-makers picked this model instead of the model with threshold 
0.7. In contrast, the resident complaining about the AI model with a threshold of 0.7 can claim that they would incur 
an 86% higher risk of being a crime victim if the decision makers picked this model instead of the model with a 
threshold of 0.3. Since the comparison is on the same moral metric, i.e., human dignity, the resident has a greater 
complaint than the defendant and reasonably rejects the AI model with a threshold value of 0.7. Therefore, the 
contractualist interpretation of human dignity, like the direct interpretation, picks the AI model with a threshold 
of 0.3 as the morally superior one.

The assumptions in the direct interpretation also hold for the contractualist interpretation: 1) the decision 
makers must reduce the set of models with a particular criterion (for example, they can decide that they will 
detain between 30% and 90% of all defendants) before utilizing the human dignity criterion. And 2) false negatives 
are neglected for each racial group. Just as in the analysis of the direct interpretation, these assumptions do not 
deteriorate the moral strength of the analysis for the contractualist interpretation, although more information 
could give a stronger analysis.

Authors who utilize ex-ante contractualism in applied ethics, take their analysis one step further to claim 
that the ex-ante contractualist conclusion is morally acceptable only if the decision-makers achieve to (1) reduce 
expected harms, and (2) increase expected benefits for the expected victims of the relevant policy (Kuyumcuoglu 
2021, Kuyumcuoglu 2022, Kuyumcuoglu 2024, Morgan-Knapp 2015). In our case, this approach implies that the AI 
model with a threshold of 0.3 is morally permissible only if the decision-makers execute the mentioned strategies 
for the defendants who expect false detention.

Further research could offer efficient tangible strategies to this end; however, one can already imagine some 
measures to take. To reduce expected harms, the AI models can first be trained on a larger data set to avoid false 
negatives, especially for African Americans who would plausibly expect a higher false detention rate. Second, AI 
systems could be improved to increase both their transparency and explainability. To be more precise, a more 
transparent AI model would permit AI audits on its training data and the results, and a more explainable AI model 
would clarify to the stakeholders how it reached the given risk scores. Increasing expected benefits for these 
defendants might involve requiring them to participate in community supervision programs instead of being held 
in jail (Corbett-Davies 2017: 804).

Conclusion
AI models unconstrained by any moral criterion can produce accurate results at the cost of generating unfair

ness. To solve this problem, multiple authors suggest various fairness criteria (like statistical parity, conditional 
statistical parity, predictive parity, and many more) to be incorporated into these models. However, fairness and 
accuracy cannot be achieved simultaneously. Authors have shown this result both mathematically (Corbett-Davies 
et al. 2017) and empirically (Berk et al. 2018, Corbett-Davies et al. 2017, Kearns and Roth 2020) and named the 
phenomenon as the fairness-accuracy tradeoff.

When placed on a two-dimensional graph with fairness and accuracy scores as the axes, some AI models 
form the Pareto front curve. The models that fall on this curve dominate other models that are above the curve. 
Dominating, in this context, means these models fare better than others, at least in one of the fairness or accuracy 
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metrics. However, the fairness criterion cannot provide us with a decision rule to pick the morally superior model 
among the ones on the Pareto front.

This article investigates how the concept of human dignity can help us as a secondary moral criterion, after 
fairness, to pick the superior AI model among the ones on the Pareto front. This article picks the Kantian concept of 
human dignity as the best definition of dignity for the given purpose. Later, the article discusses three interpreta
tions of Kantian human dignity, showing how they can be incorporated as a secondary moral assessment criterion 
after fairness.

The discussion depicts that the substantive interpretation of human dignity is useless for the given problem. 
Therefore, one must renounce this interpretation. Both the direct and the contractualist interpretations can 
provide us with consistent moral frameworks to pick the morally superior AI model among the ones on the Pareto 
front. Moreover, the article shows that the contractualist interpretation is competent in enframing a more detailed 
method than the direct interpretation. This method still requires further improvements in the direction suggested 
in the final section.

Future research is required to start assessing AI models with the direct or the contractualist human dignity 
interpretations. First, one has to see how successful these metrics are with real-world data. The imaginary example 
investigated in this article provides plausible numbers that could reflect the real-world case in recidivism predic
tion algorithms. This example shows that the suggested human dignity metrics are philosophically consistent. 
Nevertheless, research on real-world data is essential to see how valuable results they give.
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