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Abstract
D. Cravens and D. Letts [1] have analyzed a portion (167 papers) of the published
literature reporting on D2O electrolysis experiments such as Fleischmann and
Pons’s (FP). They identify four criteria for what constitutes a “proper” FP
experiment and state that experiments that satisfy all four criteria are likely to
succeed in producing excess heat, while those that do not are likely to fail. This
paper presents results of using a Bayesian network for probabilistic analysis of
this claim. Consideration of a small subset of the papers (eight) is sufficient to
give a likelihood ratio of about 10 to 1 in favor, and this number appears to grow
generally rapidly, though not monotonically, as more papers are added to the set.

1. Introduction
Some of us, when asked why we tend to accept the reality of the Fleischmann-Pons effect,

reply with the statement:

“It’s not any one experiment; it’s the number and variety of confirmations by
independent researchers around the world.”

More generally, independent replication is considered an important step in acceptance of new
experimental results. This paper reports an attempt to model the situation using a Bayesian
network: a proposition (“The effect is real”) with a number of pertinent reports, each open to
doubt, but collectively sufficient to convert initial doubt (a low prior probability) into acceptance
(a high posterior probability, conditional on the evidence).

1.1. Cravens-Letts database
D. Cravens and D. Letts [1] report a study of 167 selected papers concerning heat generation in

electrochemical systems of the “classical” Fleischmann-Pons type: electrolytic cells with Pd
cathodes in D2O-based electrolyte. The list spans the years 1989–2007 and is non-exhaustive
mainly because papers were not included if not available in digital form. The authors rated the
papers, when possible, according to four yes/no “enabling criteria,” related to (1) cathode
loading, (2) good chemical procedures, (3) operating current densities, and (4) non-equilibrium
operation. (See the paper [1] for detailed statements of how the criteria were assigned.) In
addition they assigned a yes/no value according to whether excess power was reported or not.
They succeeded in rating 122 of the 167 papers and, after statistical analysis, concluded that
production of excess power was highly correlated with the number of criteria satisfied—very
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likely if all four were met and less likely if fewer were met. We here report on a probabilistic test
of that claim by use of a Bayesian network.

1.2. What is the problem?
We are interested in questions such as:

“Given that in paper #1, where all 4 criteria were met, heat was observed, and in
paper #2, where only 2 criteria were met, no heat was observed, and . . . in paper
#167, . . . heat was observed, then what can we say about the probability that the
FP effect is “real”? And what is the probability that a new experiment satisfying
all 4 criteria will produce excess heat?”

In condensed-matter nuclear science in general we face multiple observations and
experimental results, and multiple conjectures and hypotheses that might explain them.

To illustrate, consider the propositions:

A: Nuclear reactions occur at low temperature in solids.

B: Excess heat is observed.

C: Helium production is observed.

D: Emission of energetic particles is observed.

Then B, C, and D are observations that can serve as evidence in support for A, considered as a
hypothesis. Likewise, consider propositions:

E: Known nuclear reactions & quantum many-body effects.

F: “New physics”.2

G: Error / deception.

H: Excess heat is reported.

Then E, F, and G are alternative hypotheses that might explain observation H. The relations
between the propositions are shown schematically in Figs. 1 and 2. These are simple examples of
Bayesian networks, which are discussed in Section 2.2 below.

Figure 1. Multiple support for a hypothesis Figure 2. Alternative explanations

2. Bayesian methods
In general there may be more complicated interrelations (as in Fig. 3 further down). We need

help in thinking quantitatively about such problems, and probability theory provides tools for

2 . . . whatever we might choose to mean by the phrase. The propositions listed here are informal, abbreviated, and intended primarily as
illustration.
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Figure 3. Bayesian network. Figure 4. Loop (not allowed) Figure 5. Medical
screening example

A Bayesian network consists of nodes connected by arrows. Loops, as in Fig. 4, can lead to
contradictions and are not allowed. (This means that the network is a directed acyclic graph.)
With each node is associated a “random variable” (such as A, B, C, … in Fig. 3). By calling a
variable such as A “random” we mean simply that:

(1) There is a set of possible values {a1, a2, … , an}, so that the propositions A = a1, A = a2,
…, A = an form an exhaustive set of mutually exclusive propositions; and

(2) We can talk about probabilities (perhaps conditional) of these propositions, e.g. P(A = ai),
P(B = bj | A = ai).

True-false proposition, such as D and T of the medical screening example, are included (see
Fig. 5); the set of values is just {true, false}.

Arrows indicate conditional dependence. If there is an arrow from a node X to a node Y, we
call X a parent of Y. Thus the parents of C in Fig. 3 are A and B. A variable has a probability
distribution conditional on its parents. In the case of A, B, and C, this means that conditional
probabilities P(C = c | A = a, B = b) are given for all values a, b, and c in the value sets of A, B,
and C, respectively. This generalizes in a straightforward way to any number of parents. For a
node without parents, such as A, we require the unconditional probabilities P(A = a) for each a.

Bayesian networks can be used for updating our probabilities for values of some variables
when we obtain new information in the form of values for other variables. This generalizes what
we did in the medical screening example. There, we learned the value T = true for the test result,
making it no longer uncertain (or “random”). Consequently we were able to update our
probability for D, disease, from the prior value P(D) to the posterior value P(D | T = true).
Analogously, we could suppose we learn values for some of the variables, say C and E, in the
more elaborate network of Fig. 3, and we could ask how the new information affects the
probabilities for the values of some other variable or variables, such as B.

To begin, in terms of the conditional and unconditional probabilities associated with the nodes,
we can write an expression for the joint probability distribution for the entire set of variables; for
the illustrative network of Fig. 3, this is the set of probabilities P(A = a, B = b, C = c, D = d,
E = e) that A = a and B = b and C = c and D = d and E = e, where a, b, c, d, and e range over
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Figure 13. Peak shape

3. Problem setup
The network we developed is shown in Fig. 14. Node R is the proposition of interest—roughly

speaking, “is the FP effect ‘real’?” The nodes E2, E8, … , E28 refer to the results published in the
set of papers selected for initial consideration; the subscripts are index numbers of the papers in
the Cravens–Letts [1] database. The other “E” nodes are auxiliary nodes associated with the
papers, and the “P” nodes are various probabilities to be estimated from the data by means
illustrated in §2.4.

Figure 14. Network for eight selected papers (initial configuration)
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3.3 Network variables
Pf is the probability of excess heat being reported in case R = false.

Pn is the probability of excess heat being reported in an experiment satisfying n of the enabling
criteria (n = 0, … ,4) in case R = true.

Pf and P0, … , P4 are probabilities to be estimated from the data by means illustrated in §2.4.
Ideally they would each be described by a continuous probability density on the interval from 0
to 1. Because of practical limitations of the software, we used fairly coarse discrete
approximations.

3.4. Probability tables
The prior and conditional probabilities for the nodes of the network are specified in tabular

form.

We set the prior probability of R equal to 0.5, as shown in Table 1, giving prior odds of 1.
Consequently the posterior odds are equal to the likelihood ratio. (See §2.3.) This makes it easy
to determine the weight of evidence from the program outputs.

Table 1. P(R)
R

true false
0.5 0.5

The conditional probability of Ei is specified as in Table 2. This simply makes Ei agree with Eif

when R is false and with Ein when R is true. The actual probability values are those of Eif in the
first case and Ein in the second.

Table 2. P(Ei | R Eif Ein)
Ei

R Eif Ein true false
true true true 1 0
true true false 0 1
true false true 1 0
true false false 0 1
false true true 1 0
false true false 1 0
false false true 0 1
false false false 0 1
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The conditional probabilities of Eif and Ein are given in Tables 3 and 4. The probability of Eif,
given Pf, is by definition simply the value of Pf ; and the probability of Ein, given Pn, is the value
of Pn.

Table 3. P(Eif | Pf) Table 4. P(Ein | Pn)
Eif Ein

Pf true false Pn true false
0.1 0.1 0.9 0.1 0.1 0.9
0.3 0.3 0.7 0.3 0.3 0.7
0.5 0.5 0.5 0.5 0.5 0.5
0.7 0.7 0.3 0.7 0.7 0.3
0.9 0.9 0.1 0.9 0.9 0.1

The prior probabilities of Pf and Pn (n = 0, … ,4) are shown in Tables 5 and 6. They are all the
same: a coarse discrete approximation to a uniform distribution on the unit interval.

Table 5. P(Pf) Table 6. P(Pn)
Pf Pn

0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9
0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2

4. Results
After entering the probability tables in the nodes of the network of Fig. 14, we successively

declared “observed” values for the nodes Ei, starting with false for E2 and finishing with true for
E28. The final state of the network is shown in Fig. 15, in which display of the probability
distributions of the nodes Pf, P0, … , P4, has been enabled.

The posterior probabilities for R = true and R = false are 0.9093 and 0.0907, giving posterior
odds of 10.25. This is also the final value of the likelihood ratio, since we started with prior odds
of 1.0. The value of the likelihood ratio is plotted in Fig. 16 as a function of the number of papers
taken into account, from 1 paper (#2 only), 2 papers (#2 and #8), through 8 papers.

The likelihood ratio for R, give 1 paper, is 1.0, exactly equal to the prior value of 1.0 with no
papers at all (not plotted). With one paper, the distributions of Pf and P2 were identical—a bit
biased toward the low values, as the first paper (#2) reported no heat. There was not yet a basis
for choosing between the two. Adding a second paper (#8, reporting heat) increased the ratio to
about 1.47, and adding a third (#10, reporting no heat) made no difference. The next four,
consistently showing heat with four criteria satisfied, brought a steep increase in the likelihood
ratio to 10.025.


