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Moral Weights of Animals,
Considering Viewpoint Uncertainty
Richard Bruns1 and Jim Davies2

Many utilitarians would like a number to use to evaluate the moral impact of
actions that affect animals. However, there is a great disagreement among
scholars involved with animal ethics, both about how much different animals can
suffer and how much that suffering morally matters. To illustrate this uncertainty,
while showing as a proof of concept that it may be possible to produce useful
estimates in spite of it, we ran a Monte Carlo simulation that samples the ranges
of major viewpoints scholars hold in the field, to show a spread of uncertainty for
how we should treat six representative animals: crickets, salmon, chickens, pigs,
cows, and elephants. The results show that the uncertainty is very large, with a
90% confidence interval ranging between an animal having no value and being
valued as much as a human being. More research, in the form of expert surveys
and a thorough and rigorous literature review, would be required to produce
better estimates, but as an illustration, we present 20% and 40% confidence
intervals, as well as the median and geometric mean, based on weighting the
theories according to our informal estimate of their prevalence in the literature.

Introduction

Numerical estimates are important for use in utilitarian calculations that inform how we
should treat animals (Sandhoefner 2017; Tomasik 2018). To determine these numbers,
we must determine how much their welfare has changed and the moral value of that
change.

For example, some scholars of the past have suggested that non-human animals
(hereafter “animals”) felt nothing at all, and as such could not have welfare or any
change to it. Some believe that animals feel things to a lesser extent than humans do.
Others believe that animals feel things the same way that humans do, and a few
suggest that, at least in some situations, they might feel more.

Even if this problem were decided, we still have disagreement on the moral implications
of animal suffering: do animals have no moral status, the same moral status as humans,
or less moral status than humans?

It is tempting for individuals to make up their own minds on these issues, and then
conduct a utilitarian calculation based on those decisions. Our approach is different.
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Rather than arguing for one particular view on these controversial issues, we
treat experts’ disagreement as uncertainty in the field, and try to describe the spread of
this uncertainty (see MacAskill 2014). We demonstrate an approach for polling experts
and aggregating their viewpoints numerically, while also accounting for scientific
uncertainty in the inputs to their chosen theories.

In this paper, we model the uncertainty in the scholarly literature with a Monte Carlo
simulation. During each iteration, it chooses one viewpoint from among the scholarly
opinions, in addition to sampling from the input ranges of various relevant
characteristics of animals. After running thousands of iterations, we can graph the
results to visually see the spread of disagreement, and calculate the statistical
properties of the results.

Our main contribution is not our results; it is the demonstration of a method for
producing better results. A structured survey process would be required to first produce
a definitive list of possible moral theories of suffering and value, and then to find the
credence that experts assign to these theories. This survey process should then be
conducted regularly, so we can update our numbers as the scholarly consensus
changes through research and debate.

We focus on animals typically eaten (chickens, salmon, pigs, and cows) as well as small
animals that some advocate we eat (crickets), and the African Elephant, as an example
of an animal that is larger than humans. This list has the benefit of having examples
from insects, birds, and mammals.

Theories of Suffering

This paper focuses on the extent to which animals feel a conscious change in their own
welfare, which we will call “suffering.” This isn’t a perfect term, as some have defined
suffering as a second-order attribution to a first-order sensation, one that, perhaps,
requires a sense of self and/or a sense of time (Dennett 1995). However, the term “pain”
is also problematic, as it does not require consciousness, and has been shown in
humans to be dissociable from the “awfulness” of pain (that is, under certain analgesics,
people claim to be aware of the pain but not mind it; Shriver 2009). By suffering, we
mean that the creature consciously feels something unpleasant.

Given the same event, how much will a given kind of being suffer? Here we have four
basic views: The “Unconscious Animal” view holds that though animals act as though
they suffer, they have no consciousness and therefore do not. Though not a popular
view nowadays, it was famously held by René Descartes (see Huebner 2011 for a
discussion), but some contemporary scholars endorse this view as well (Harrison 1991).
Some believe that ray-finned fish are conscious of nothing (Key 2015). Beliefs in the
Unconscious Animal theory can be supported through some Higher-Order Thought
theories of consciousness. On some interpretations, if animals are incapable of
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higher-order thought, then they would similarly be incapable of having
conscious mental states (Carruthers 2000, though his view has recently changed).

The “Muted Consciousness” view holds that animals suffer (and experience joy) less
than humans do, given the same event (Scherer, Tomasik, Rueda and Pfister 2018).1

Specifically, these scholars believe that the psychological complexity of the animal in
question is thought to determine how muted its feelings are. So, for instance, a cow
breaking a femur would suffer more than a frog breaking a femur. How best to measure
the relevant psychological complexity is also a matter of debate. Research has been
done on measuring the behaviors of various animals, but there is currently no way to
map these measures of behavioral complexity onto a single scale. As an illustration, we
use numbers that can be compared across animals, and might plausibly affect
psychological complexity: brain mass, brain-body ratio, Encephalization Quotient,
number of neurons, and number of cortical neurons. These different sub-theories result
in different multipliers between 0 and 1.

We assume a linear mapping between these numbers and capacity for suffering,
although future research may show that a different mapping should be used. Calculation
of all of these biological traits (body mass, cortical neuron counts, and so on) requires
empirical findings. The sources of these numbers are in the Appendix. When
determining a suffering factor for animals, we use the animal number divided by the
analogous number for humans. For example, a cow’s Encephalization Quotient is about
0.58, and a human’s is about 7.6, so according to this theory the cow feels about 0.076
(0.58/7.6) times, or about 1/13th, as much suffering as a human would from the
equivalent event.

The third view, which we will call the “Same Suffering” view, is that, given the same
event, all animals that can feel anything at all suffer with an equal intensity. Thus, a
human, cow, or mouse breaking a femur results in an equal amount of well-being lost
for each animal. For this theory, the multiplier would be 1.

Finally, we have the view that, in certain cases, at least, animals can feel more suffering
for the same event. The reason for suggesting this is that humans have many interests,
and being pain-free is just one of them. There is no name for this theory, as far as we
know, so we will call it the “Tinker Bell Theory,” in reference to Barrie’s explanation that
Tinker Bell’s emotions completely consume her because she is so small that she has no
room for complex emotion.2 Thomson (1990, 292) suggests that, all else being equal, it
is worse to put animals in pain than humans for this reason. Akhtar (2011) argues that
animals can feel more suffering from pain than humans, but acknowledges that human
complexity can also make pains worse.

2 This idea is expressed in the stage directions of the play Peter Pan, in reference to Tinker
Bell’s mental states: “She is not wholly heartless, but is so small that she has only room for one
feeling at a time.”

1 Another name for this is the “unequal interests” model (DeGrazia, 2008).
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The effects of age, visualization, and meditation on pain have been studied
empirically, giving us a plausible order-of-magnitude bound of the effect size of humans’
ability to use thinking to reduce the unpleasantness or intensity of pain.

It is possible that human infants are like animals, in that they have not yet developed
cognitive strategies to help them deal with pain, and as such would suffer more from
pain than adult humans would. One study compared the brain response of newborns
and adults from being poked, and found that the same neural response required about
1/4 as much force in newborns (Goksan et al. 2015). We do not know if this is because
of differences in skin thickness, transduction, or something else, but if it reflects
differences in true pain sensitivity, we might use 4 as an upper-bound rough estimate for
the sensitivity to pain of an animal.

We can also look at specific methods adults use to deal with pain and compare them to
people who do not use those methods. Zeidan, Martucci, Kraft, Gordon, McHaffie and
Coghill (2011) show that meditation reduced the unpleasantness of pain by 57%. A
study of expert meditators found a similar reduction of about 59% in pain
unpleasantness (Lutz, McFarlin, Perlman, Salomons, and Davidson 2013).  This
suggests that non-meditators feel double or triple the suffering from pain that meditators
do.

If we assume that meditators are the top end of a ‘mindfulness spectrum’ and animals
are at the bottom end, then it is possible that animals experience even more
unpleasantness from pain than humans do. However, it is also possible that meditation
turns off the narrative part of the human mind that allows the unique kind of suffering
that humans can experience, and that animals with no narrative thoughts perceive pain
like meditators do.

Looking at the suffering of newborns and meditators, we assign a uniform distribution
between 1/3 and 4 for the Tinker Bell estimate, with very low confidence.

Theories of Value

In the previous section, we discussed different theories on how an event or situation
would affect an organism in terms of causing suffering. In this section we will hold
suffering constant and ask whether the same suffering in different kinds of beings
results in a greater or lesser moral value.

There are three main theories we address. The first we will call “Extreme Speciesism.”
For this view, animals might be sentient, but they don’t matter (or only matter
instrumentally). Carruthers holds this view, because he bases moral status on the ability
to enter into contracts, which animals cannot do (2011). Mathematically, this assigns a
moral weight of 0 to animals. The second view is the “Equal Consideration” view, which
holds that moral goodness and badness depends on welfare, but it doesn’t matter what
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creature is experiencing the welfare (DeGrazia 2008, 189).3 Third is the
“Unequal Consideration” view. 4 This view holds that even when the suffering is the
same, we should give more moral consideration to humans than other animals (and,
perhaps, some animals more than others.)

Choosing Weights

Crucial to this analysis are weights for these theories. Our approach is based on
epistemic humility. We do not claim to know the truth, or that objective truth exists for
moral questions.5 Therefore, we use weights based on how many scholars in relevant
areas (comparative psychology, biology, animal ethics, cognitive science, etc.) endorse
each of these four theories. When an iteration of the simulation picks a theory, it does
so based on this weight. However, such a survey of experts has not been done, so we
have guessed at the prevalence of these theories based on a general reading of the
literature. We freely acknowledge that these weights can be seen as arbitrary, and that
they are likely to be heavily influenced by what we consider to be reasonable. We use
them to show that it is possible to aggregate both mainstream and fringe theories in a
sensible way, rather than simply assigning equal weight to all (or a selection of)
theories.

Our estimates for the weights of theories of suffering are as follows: Unconscious
Animal Theory: 3%. Muted Animal Theory: 62%. Same Suffering Theory: 30%, Tinker
Bell Theory: 5%. The Muted Animal Theory can further subdivide according to what
measure of complexity people use to determine how much muting is going on. These
are our estimates, which sum to the 62%: Raw Brain Mass: 2%, Brain-Body Ratio: 5%.
Encephalization Quotient: 20%. Neuron Count: 15%. Cortical Neuron Count: 20%.
These various complexity measures rely on empirical facts about different animals
(brain mass, etc.).

Our estimates for theories of value are: Extreme Speciesism: 10%. Equal
Consideration: 60%. Unequal Consideration: 30%.

Methods

We ran a Monte Carlo simulation with 10,000 iterations. Each iteration calculates a
weight for each animal considered (cricket, salmon, chicken, pig, cow, elephant),

5 If you are a moral realist, then this approach tells you what the probability distribution of your
belief should be, under the assumption that all of the scholars are trying to find truth and each
one has the same probability of being correct. If you are a moral anti-realist, then this approach
is useful to aggregate preferences to form a shared social decision about what to do regarding
animals. We will note that one author strongly believes in moral realism, and the other strongly
believes in moral anti-realism, and that we both find this approach to be helpful to us.

4 Shelly Kagan (2019) calls the “Equal Consideration” view the “unitarian” view, and the
“Unequal Consideration” view the “hierarchical” view.

3 Also known as the “welfarist view” (Copp, 2011).
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according to credence estimates of suffering and moral theories.

In each iteration, the procedure is as follows:
1) Choose a suffering theory, based on the credence. For example, the

‘Unconscious Animal’ theory is chosen in 3% of the iterations.
2) Choose a moral theory, based on the credence. For example, the ‘Extreme

Speciesism’ theory is chosen in 10% of the iterations.
3) Choose the values of the theory’s inputs, if any, from the specified range or

probability distribution (e.g., brain and body mass).
4) Calculate the final moral value based on the randomly chosen theories and input

values.
5) If the final value is zero, change it to a very small number of our choice (10-16) for

the purpose of graphing on a log scale and calculating the geometric mean.

We can graph the results of these thousands of iterations and see the spread of
uncertainty in animal ethics. All graphs are on a logarithmic scale. We ran the simulation
in Microsoft Excel (v16.37 for Mac) using the YASAI plug-in6 to run Monte Carlo
Simulations. The spreadsheet is available at http://www.jimdavies.org/science-of-better/

Results

6 This plug-in is available free at http://yasai.rutgers.edu/downloads.html
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Fig. 1 shows all animals on the same graph, and Fig. 2 shows each of the
animals on their own graphs. We consider these figures, and the uncertainty they
demonstrate, to be the central result, and recommend that any measures of central
tendency only be used with extreme caution.
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Because the 90% confidence interval for all animals other than the elephant is basically
‘zero to one’, we present much smaller confidence intervals than are usually reported.
This is similar to reporting the median value, as discussed below, while still conveying
some of the uncertainty. However, as with reporting the median, it ignores potentially
important differences in the magnitudes of the extreme values.

Table 1: 20% and 40% confidence intervals for weights of animal suffering. These
numbers would be multiplied by some number representing the moral state or change to
a human to get an estimate of the moral state or change for an animal.

Animal 20% Confidence
Interval

40% Confidence
Interval

African
Elephant

2*10⁻ ¹ 1 7*10⁻ ² 1

Chicken 9*10⁻ ⁵ 3*10⁻ ³ 3*10⁻ ⁵ 5*10⁻ ¹
Cow 9*10⁻ ³ 8*10⁻ ² 1*10⁻ ³ 1*10⁻ ¹
Cricket 1*10⁻ ⁸ 6*10⁻ ⁶ 2*10⁻ ⁹ 9*10⁻ ⁶
Pig 9*10⁻ ⁴ 2*10⁻ ² 7*10⁻ ⁵ 7*10⁻ ²
Salmon 6*10⁻ ⁵ 1*10⁻ ³ 4*10⁻ ⁶ 6*10⁻ ²

Three candidates for a point estimate are the arithmetic mean, the geometric mean, and
the median.

The arithmetic mean is greatly skewed by the Tinker Bell and Same Suffering theories,
when combined with the Equal Consideration theories. Given that many results will
output a moral value of one, the minimum value of the arithmetic mean will be about
1/3rd. More complex animals will have a slightly higher value. Therefore, we do not
recommend using this value.

The geometric mean is often a more appropriate measure of central tendency when
things are multiplied together, and our results are the suffering weight times the moral
weight. The geometric mean also has the property that it is not unduly influenced by the
high end of the distribution, in a situation where the results span many orders of
magnitude. However, we must replace zeroes with very small values, and the choice of
the small value matters. This semi-arbitrary choice could change the mean by several
orders of magnitude.

The median does not have some of the problems associated with the arithmetic and
geometric means, but that it throws away any differences in the low and high values. It
essentially ignores the results of moral theories that produce high or low values. And
there is also the possibility that, with different credence values, 50% of the simulation
runs could have been an extreme value like zero or one. In this case, the median would
ignore whatever was said by the minority theories.
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Table 2: Measures of Central Tendency. These numbers represent moral weights for
different animals, when taking into consideration the uncertainty as presented in the
literature.

Animal Arithmeti
c Mean

Geometri
c Mean

Median

African Elephant 1 5*10⁻ ³ 2*10⁻ ¹
Chicken 3*10⁻ ¹ 6*10⁻ ⁵ 2*10⁻ ³
Cow 3*10⁻ ¹ 6*10⁻ ⁴ 6*10⁻ ²
Cricket 3*10⁻ ¹ 2*10⁻ ⁷ 3*10⁻ ⁶
Pig 3*10⁻ ¹ 1*10⁻ ⁴ 1*10⁻ ²
Salmon 3*10⁻ ¹ 2*10⁻ ⁵ 5*10⁻ ⁴

Conclusion

Although we suspect many readers already knew that our understanding of animal
suffering and ethics has a good deal of uncertainty, one thing we want to make clear in
this paper is just how great the uncertainty actually is, if we take seriously the variety of
viewpoints experts have on the subject. But what are we to do with this more precise
analysis of the uncertainty?

First, we provide new point estimates and ranges that take into account the uncertainty.
These can, with caveats, be used in utilitarian calculations when a number or range is
needed. Although the uncertainty we present is large, it is still an improvement on the
existing state of knowledge, and can be temporarily used in a ‘something is better than
nothing’ sense until better estimates become available. Conducting surveys to get
percentages of the endorsement of the suffering and moral theories is an important next
step, and might change the results of these simulations significantly.

Second, if one is concerned about one’s own ethical behavior, or government or
corporate policy, these uncertainties can be compared to other uncertainties, such as
those involved with improving human global health or preserving the environment. For
example, though there is disagreement on how much humans suffer and what can be
done about it, there is much more agreement that (nearly) all humans can suffer greatly
and equally, that reducing that suffering is a good thing, that (nearly) all humans should
get the same moral treatment, and so on. When deciding whether to try to improve the
state of animals or human beings, the fact that there is greater uncertainty regarding the
good that can be done for animals might make human intervention more defensible.
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Limitations of this work

This work depends on numerical calculation. Some of the numbers are very certain,
such as human mass. Other numbers have much less certainty, such as the number of
neurons in a cow brain. Worst are the numbers we simply guessed at: the credence
levels of the suffering and moral theories, for instance. This is particularly problematic
because the results are very sensitive to these credence levels. We want to emphasize
that many of the estimates we use in this paper should be updated with better ones as
more data become available.

An additional limitation is that expert views on theories of suffering and theories of value
are likely to be correlated. Therefore, after survey data becomes available, the
simulation structure should be changed to sample a random expert, and take that
expert’s credence on the theories of suffering and value, rather than aggregating the
credences and choosing them independently.

Gardener Comments

Heather Browning:
This article contains something promising, but it needs a bit more work to flesh it out
properly. The use of a Monte Carlo simulation to assess confidence intervals for the
estimates could be useful, but I worry a bit about the current inputs to the model. For
instance, no details are provided about the literature survey they conducted to
determine how many scholars endorsed the different views – how many papers were
surveyed, where were they found, how were the inferences about the authors’ views
performed? Ideally, a full list of the papers surveyed should be provided in the appendix.
It would be much stronger if the ranges of views were taken from a survey of selected
experts, rather than simply from a reading of the literature (as only a small portion may
be publishing their views). This is not something the authors need to do necessarily for
this paper, but an acknowledgement of the limitations of their current sampling method
would be a good idea.

The introductory sections are quite uneven – some theories are mentioned in only a few
sentences, while others have several paragraphs of argument for their plausibility. It
would also be helpful for the authors to provide more discussion of their results, what
they say about the methods, how they relate to the theories discussed earlier in the
paper, and what some of the next steps should be (e.g. how would the authors suggest
their numbers are used? What methods would they use to refine the current estimates?)

A few specific comments:

Page 3, paragraph 3 – this seems like a strange example – a cow is only more
psychologically complex than a mouse on a small number of the metrics suggested;
perhaps use something like a frog as a better contrast (note: this comment was
addressed and frog was substituted for cow). Additionally, it would be useful to provide
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some more detail on why these seem like plausible measures of
psychological complexity (and, if possible, citation to where they are advocated in the
literature)

Page 3, paragraph 6 – the inference that the relationship between human infant and
human adult (in terms of the ‘pain multiplier’) is a good characterisation of that between
human adult and animal is not well-supported here.

Page 4: “This relationship between intelligence and sentience is assumed by the Muted
Intelligence theorists.” – there are several scholars who would explicitly argue against
this, in favour of a hedonic capacity, unrelated to intelligence

Anonymous1:
The paper tries to formalize intuitions and justifications for the moral weights of certain
animals. It is obvious that the paper is highly speculative, with the estimates used in the
Monte Carlo simulation seemingly pulled out of thin air, so it does not provide much
more value than simple intuition. But it is an interesting approach, and with more data it
would be valuable to have quantified uncertainty in viewpoints.

Simon T. van Baal:
I think this paper is doing some important work, and it is highly interesting, but I have
several suggestions. I will start with my most important comment; the rest are not
essential. The first comment could make the simulations more useful, and might actually
make them converge on a more precise estimate.

1) As I see it, the most important improvement the authors could make is to make the
assumptions for the simulations more realistic by including varying conditional
probabilities between views. To illustrate, it is unlikely that someone who is an Extreme
Speciesist is just as likely to also hold the Tinker Bell view as someone who holds the
Equal Consideration view. The solution, I think, is to either i) guess the conditional
probabilities of holding one view for suffering, while holding another view for moral
value, or preferably ii) collect some preliminary data on these conditional probabilities in
the philosophy community through e.g. mailing lists, conferences, or social media. To
me it seems the latter approach would enable the paper to make a larger step.

2) The authors assume a 1:1 relationship between suffering and the statistic the
multiplier is based on (e.g., encephalisation quotient). This needn't be the case,
however. Taking the case of the cow, there could - and probably should - be some
(non-linear) transformation of the ratio in encephalisation quotient. I think merely stating
the assumption would be sufficient here.

3) The first paragraph of the Theories of Value section is slightly confusing, because it
appears the authors are not addressing how different 'events' might impact different
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agents differently, but whether their suffering matters morally. To me this
could be clearer, but I might have missed something.

4) Though I appreciate the detail in the figures, two figures based on bar plots depicting
the same information are not the best way to depict this sort of data with many groups. I
would suggest using separated raincloud plots instead or just to remove figure 1.

R. Sal Reyes:
This is an interesting approach to providing some measurable ways to estimate the
perceived impact of (and how we “should” view) human actions upon other animals.
And the framework seems broad enough in its considerations to easily include new or
different factors in its simulations—either adding to, revising or replacing some of the
current categories to help provide a deeper or clearer picture of the possible impact (or
presence) of “suffering” in non-human animals.

One such addition or revision might involve, for example, the way that the framework
scales the different possible levels of experienced suffering within a “Muted
Consciousness” spectrum. As the paper notes: “How best to measure the relevant
psychological complexity is also a matter of debate.” The paper’s current method for
measuring that complexity—essentially equating a greater capacity for “intelligence”
with a capacity for greater or more impactful suffering, and judging that intelligence
according to measures of neural populations & mass in different animals—is a fairly
straightforward approach, but it may not be as revealing a measure as it seems.

If we look at suffering as the purely sensory experience that is at the heart of it, and
then view that sensory experience through the same lens that we view other sensory
experiences (like sound or smell), it doesn’t seem that a more “complex” (aka, more
intelligence-enabled) sensory experience should necessarily equal a more *intense*
sensory experience. In other words, a more complex auditory cortex might enable a
sound experience that has more detail and depth, but that complexity doesn’t likely
enhance that brain’s ability to produce a very loud (aka, intense) sound. It seems more
likely that a brain’s capacity to produce a wide range of differently intense sensory
response experiences—like specific kinds of loud sounds or powerful smells—is present
(and *necessary* for varied functionality) in any animal that possesses the capacity for
that specific kind sensory experience (like a specific kind of pain-based experience that
humans would describe as suffering), regardless of whether or not that brain has yet
evolved more robust neural capacities that enable that specific sensory experience to
become more complex & nuanced.

If the framework for these simulations adopted this “systematic” view in place of its
current method for scaling “Muted Consciousness” (or included a separate category for
it) then it might instead use the presence of specific neural systems and specific
connectivity between these systems as ways to identify or scale different animals’
capacity for a high-impact or high-intensity sensory experience that results from or
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defines or accompanies perceived suffering. Doing so would bring into these
simulations an accounting for the *purpose* of suffering, because any new specific
sensory capacity (& its supporting neural architecture) ought to have an adaptive
functional purpose if it is to persist & become more complex.

This means that this sensory experience (suffering) must have a functional impact on
behavior—helping to shape that behavior in some way that is useful in responding to
the source of the suffering. Thus, if we identify the purpose of the suffering and are able
to tie that perceived (or hypothesized) sensory experience to specific behavior that aids
in fulfilling that purpose, we can use the observations of specific kinds of behaviors in
different animals as kinds of markers indicating the likely presence of those specific
neural sensory-experience systems. This would allow the framework to scale different
levels of “Muted Consciousness” by determining what the animal’s likely experience is
according to the specific behaviors it exhibits. (Instead of measures of its neural
populations & mass.)

This kind of method might allow for a more nuanced middle ground between the "Same
suffering" black & white view that says any feeling means all the same feeling, and the
current "Muted Consciousness" experiential scale based on brute computing capacity.
For example, using the behavioral method of scaling, a particular species of rodent may
be observed displaying behavior that correlates specifically to basic pain responses, but
that behavior does not appear to serve any of the purposes of perceived suffering (& its
correlating behavior) identified in "higher level" animals like humans. This particular
rodent might then be measured as having the capacity for feeling pain, but not
experiencing a high level of "suffering."

To put it in the smallest nutshell I can manage: if there is a need for suffering, then there
is likely the presence of suffering.

Dan James:
This is an attempt to quantify suffering in a few selected animals using a statistical
analysis based on different moral conceptions. Though the authors freely admit to
adopting a utilitarian approach, it seems to me that fundamental to their whole project is
the moral status of animals, a question they themselves pose in the introduction. What
the authors do not point out is that we have no good reason to assume this moral status
can be understood solely within a utilitarian framework and indeed it is clearly open to
interpretation in other ways, for example with deontological animal ethics - ‘The Case
for Animal Rights’ Tom Regan 1983. (Though deontological animal ethics itself can have
severe practical problems, even absurdities in terms of absolutist tendencies).

So for me this ‘meta’ level of deciding the moral status of animals is crucial, for if we
concentrate or promote a biased interpretation, subsequent efforts may be futile. I
appreciate of course that this might have led to a much lengthier and different kind of
paper though.
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The authors deftly avoid the paper becoming a dry accounting exercise by
the inclusion of a broad and fascinating list of variables, some of which are claimed as
unique to this paper, for example the inspired ‘Tinker Bell Theory’ (which is so good it
deserves to be true!)

Overall I feel there is a danger in using statistics that are based on some fairly
generalised assumptions about how to classify animal suffering, and to draw the
conclusion that such surveys are ‘better than nothing’. The danger here being that poor
welfare standards or even inflicted harm can conceivably be legitimised or gain
credence by a purported metric of suffering.

Despite these misgivings I felt it was a fascinating paper with complex statistical
analysis presented in a very understandable way and consequently have no hesitation
in recommending publication.

Michael M. Kazanjian:
I found this to be a brief but strong, stats based evaluation of animal protection. It is
brief but sufficiently well documented to inform the reader of the details involved in a
utilitarian approach. It adds well to the literature.

William Collen:
It does not appear that this article meets the first criterion for inclusion in Seeds of
Science. The data collected in the article might be of use in the domain of ethical
philosophy, but not, in any way that I see, in the realm of scientific inquiry in general.
The author of the paper proposes a novel method of exploring the topic, but the method
uses previously-known and accepted methods of scientific research, and the scope of
the paper's method is too narrow to count as an advancement of scientific thought in
any way other than the narrow application presented by the author.

Sam Harsimony:
It would be nice to see an additional column in table 2 comparing these results to an
outside source such as a survey of human experts.

In the future, the author may want to consider using variance normalization to weight
different moral theories ("Geometric reasons for normalising variance to aggregate
preferences").

Mark:
This is interesting work that could be rather impactful, however, I think it’s missing some
important parts which will lead to it being disregarded by some readers and
communities.
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The main factor I think reduces the potential impact of the work is that
although it seems aware of the related existing work it seems to cite it sparsely, even
when openly sliding to ideas from that broader literature. As a consequence the current
writing seems poorly motivated. With a bit of work making these references more
consistent and expanding them to have full coverage, this work could be more
deservedly regarded.

I also think the clarity and quality of the figures could be improved, making them more
clear but also better communicate the modeling assumptions.

Roger’s Bacon:
This article represents a useful (and to my knowledge) novel approach to an age-old
question and for that reason I believe it deserves to be published, however, I believe
there are serious issues that need to be addressed in revisions before publication. The
primary issue is that the numbers used for input into the MCMC simulation are poorly
justified (if they are justified at all). I think that in some cases a more thorough review of
the literature will yield better reasons/evidence for the chosen numbers, but in the end
there will still be a great deal of subjectivity - that's ok if the article is couched as a
proof-of-concept analysis but I find fault with the "something is better than nothing"
conclusion as this will decidedly not be true if the input to the simulation is poorly
chosen (which I think many people will say that it is). I wonder if this methodology might
work better for other philosophical issues which can provide higher-confidence
estimates of the underlying quantitative measures.

Some more specific feedback:

What about modeling these theories as all equally probably - i.e. maximal uncertainty?

- While I appreciate the challenge of what the authors are trying to do, the whole
meditation and newborn pain section feels completely apples to oranges to me and
basically useless as far as providing info for simulation inputs. I think there needs to be
a lot more discussion of the theoretical and empirical issues here (or just none at all and
say that frankly we chose numbers that seemed reasonable to us). Wouldn't
behavioral/intelligence measures be more useful here - so just the inverse of the inputs
to the muted animal theory - i.e. if dogs are 20% smart as humans then we would say
they suffer 5x compared to humans under Tinker Bell theory?
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Supplementary Material

The simulations are done on a Microsoft Excel spreadsheet. One page has estimates
for humans, and there is a separate page for each of the six other animals we compare.
The YASAI plugin, which is free to download from
http://yasai.rutgers.edu/downloads.html , is required to run the simulations. Download
the plugin to the desktop, open the spreadsheet, then activate the plugin with Tools ->
Excel Add-Ins… Navigate to the file on your desktop and open it.

Appendix: Sources of Biological Estimates

For all of the estimates required for the simulation, we tried to find high and low
estimates for the simulation to sample from. In this section we will describe the sources.
All mass is presented in grams.

Human
The high and low estimates for human body mass come from 95% confidence intervals
given by WolframAlpha.com: 49,000g to 128,000g (49kg to 128kg, or 108 pounds to
282 pounds). Human brain mass ranges from 1209.77g to 1808.05g (Azevedo et al.
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2009). This means the human brain-body ratio ranges between 0.011 and
0.026. The human Encephalization Quotient ranges from 7.4 to 7.8 (Roth and Dicke
2005). The number of neurons in the human brain is about 86.06 billion, plus or minus
8.12 billion, or 78,820,000,000 to 95,400,000,000 neurons (Azevedo et al. 2009). The
human cortex contains between 11,500,000,000 (Roth and Dicke 2005) and
18,510,000,000 (Azevedo et al. 2009) neurons.

Cricket
There are no estimates we could find for insect Encephalization Quotients. For body
and brain mass, we assume it is the same as a grasshopper: a body weight of 0.46g
and a brain mass of 0.0023g (Crile and Quiring 1940, 221). This means a brain-body
ratio of 0.2. For neuron counts we use Burne et al. (2011)’s fruit fly and ant models to
estimate that there are 250,000 neurons in a cricket. A cricket does not have a
neocortex, so the lower estimate is 0. There about 100,000 neurons in the part of the
cricket brain called the “mushroom body.” Some have suggested that the mushroom
bodies of crickets are functionally equivalent to mammalian cerebral cortexes (Sergo
2008), so we use 100,000 neurons as the upper estimate of cortical neurons in a cricket
(Matsumoto 2018).

Salmon
We eat many kinds of fish, and they range greatly in size. We use chinook salmon as a
representative fish, as it is commonly eaten, and because there is a lot of data available
about them. Salmon are ray-finned fish (as opposed to cartilaginous fish, like sharks
and rays). Salmon brains are estimated to be between 1 and 1.2g. These numbers are
from eyeballing Fig.4A of Wiper, Britton and Higgs (2014). The estimated weight of a
chinook salmon is 18kg (U.S. Fish & Wildlife Service 2020). If we assume the range is
from 50% of that to 150% of that average, we get a lower estimate of 9000g and a
higher estimate of 36000g. This is close to estimates given elsewhere (8-32kg in
Burger, Wilmot and Wangaard 1985). Encephalization Quotients for ray-finned fish are
estimated to be about 0.5 (This number comes from eyeballing a graph in Lisney and
Collin 2006; we assume a variance of 0.1). To estimate the number of neurons in a
chinook salmon, we use the mass of the brain, and then estimate the number of
neurons based on whether it scales like a rodent, primate, or human (Herculano-Houzel
2009). Using the low brain weight of 1g, and the smallest (rodent at 8 million per gram)
scaling, we get a lower estimate of 8000000 neurons. Using the high brain weight of
1.2g, and the largest scaling (human at 57 million per gram), we get our higher estimate
of 68400000 neurons. Fish do not have a neocortex, so our low estimate for neocortical
neurons is 0. They do, however, have a forebrain, which is approximately 1/3 of their
entire brain, giving us a higher estimate of 22800000.

Chicken
Chicken mass ranges from about 43.7g (Olkowicz et al. 2016, 224) to 1800g (Mink
1981, 28). Chicken brains have a masses ranging from 0.1g to 3.92g (Olkowicz et al.
2016, 224). The domestic chicken Encephalization Quotients are approximated from a
Vanaraja chicken model, ranging from 1.8 to 6.14 (Panigrahy et al. 2017).  For the
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number of neurons in the domestic chicken brain, we use a red junglefowl
model, which ranges from 190,809,468 to 271,959,440 neurons. Birds do not have a
neocortex, so our lower estimate for number of cortical neurons is 0, but as some
believe that the pallium serves a similar function, and possibly evolved from the same
reptilian telencephalic structure (de Waal and Ferrari 2010), we use the pallium neuron
count of 61,000,000 neurons for our higher estimate of cortical neuron count (Scherer,
Tomasik, Rueda and Pfister 2018).

Pig
Pig (Sus scrofa domesticus) ranges in body mass from 51550g (Mink 1981, 28) to
113200g (Crile and Quiring 1940). Pig Encephalization Quotient ranges from 0.38 to
0.58 (Minervini et al. 2016, 12). We only have one estimate of pig neuron count, at
307,000,000 (Herculano-Houzel 2016, Fig. 4.15). For cortical neuron counts, our lower
estimate is 39,000,000 (13% of 303 million, Herculano-Houzel 2016) and the upper
bound is 432,000,000 (Jelsing, Nielsen, Olsen, Grand, Hemmingsen and Pakkenberg,
2006, 1458).

Cow
Cow mass ranges from 413,000g (Crile and Quiring 1940) to 617,000g (Schubert,
Wood, Reyher and Mills 2019). Cow brain mass ranges from 408g (Crile and Quiring
1940, 251) to 420g (Mink 1981, 28). The Encephalization Quotient of cows ranges from
0.58 to 0.59 (Ballarin Et al., 2016). We do not know how many neurons are in a head of
female cattle, so we make estimates by scaling according to rodents and humans (as
we did for salmon) to get lower and upper bounds of 3,264,000,000 to 23,940,000,000
neurons (Herculano-Houzel 2009). For cortical neurons, we get a low estimate by
assuming similarly-weighted springbok models (Antidorcas marsupialis) at 375,490,000
(Kazu, Malonado, Mota, Manger, and Herculano-houzel 2014, 5) or a giraffe models
(Giraffa Camelopardalis) at 1,730,000,000 (Herculano-Houzel, Catania, Manger and
Kaas 2015).

African Elephant
The mass of an African Elephant ranges from 2,500,000g to 6,000,000g (Morris,
Humphreys and Reynolds 2006), and their brain mass ranges from 4200g to 6000g
(Malda et al. 2013). The Encephalization Quotient is around 1.3 (Roth 2013). They have
an estimated 21 to 354 billion neurons, using the rodent and human scaling of
Herculano-Houzel (2009) also used for salmon above. There are an estimated 11,000
million neurons in the elephant cortex (Roth 2013).
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