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Abstract

The C4.5 Decision Tree and Naive Bayes learners are
known to produceunreliableprobability forecasts. We have
used simple Binning [11] and Laplace Transform [2] tech-
niques to improve the reliability of these learners and com-
pare their effectiveness with that of the newly developed
Venn Probability Machine (VPM) meta-learner [9]. We as-
sess improvements in reliability using loss functions, Re-
ceiver Operator Characteristic (ROC) curves and Empir-
ical Reliability Curves (ERC). The VPM outperforms the
simple techniques to improve reliability, although at the cost
of increased computational intensity and slight increase in
error rate. These trade-offs are discussed.

1. Introduction

Probability forecasting is a generalisation of the standard
pattern recognition problem. Rather than attempting to find
the “best” label, the aim is to estimate the conditional prob-
ability (otherwise known as a probability forecast) of a pos-
sible label given an observed object.

The problem of makingeffectiveprobability forecasts is
a well studied problem [3][4][7]. Dawid (1985) gives two
simple criteria for describing how effective probability fore-
casts are:
1) Reliability - The probability forecasts “should not lie”.
When a probabilitŷp is assigned to an event, there should
be roughly1 − p̂ relative frequency of the event not occur-
ring. This is also referred to as beingwell-calibrated.
2) Resolution - The probability forecasts should be practi-
cally useful and enable the observer to easily rank the events
in order of their likelihood of occurring. This criterion is
more related to classification accuracy.

Investigations to improve the reliability of probability
forecasts output by popular machine learners such as Naive
Bayes and Decision Tree have been considered [11][6]. In
this study, we investigate the effectiveness of two simple

approaches to improve reliability, namely the Laplace trans-
form [2] for the C4.5 learner and re-calibration using ‘bin-
ning’ [11] for the Naive Bayes and C4.5 learners. We com-
pare the effectiveness of these simple techniques to that of
the recently developed Venn Probability Machine (VPM)
meta-learner [9]. Unlike the simpler approaches the VPM
has proven ability to produce reliable probability forecast-
s [9]. This study describes the first-ever implementation
of the VPM on top of the Naive Bayes and Decision Tree
learners and we show that the VPM outperforms simpler
techniques to improve reliability. However this comes at
a cost of increased computational intensity and a slight in-
crease in error rate. We discuss the implications of these
trade-offs and the practical advantages of reliable probabil-
ity forecasts.

2. Reliability: a Machine Learning Perspective

Our notation will extend upon the commonly used su-
pervised learning approach to pattern recognition. Nature
outputs information pairs calledexamples. Each example
(xi, yi) consists of anobjectxi and its label yi ∈ Y =
{1, 2, . . . , |Y|}. Adapting formulation as in [4], let us con-
sider a sequence ofn probability forecasts for the|Y| pos-
sible labels output by a learnerΓ. Let P̂ (yi = j | xi) = p̂i,j

represent the estimated conditional probability of thejth la-
bel matching the true label for theith object tested. To cal-
culate reliability for a finite number of forecasts a method
of discretising probability forecasts must be used. For
predicted probabilitieŝpi,j of each classj ∈ Y we de-
fine a set of ‘bins’ (disjoint sub-intervals)Bj , for example
one possible bin choice would be to choosek equal bins

Bj =
{

[0, 1
k ), [ 1

k , 2
k ), . . . , [k−1

k , 1]
}

. Of course a learn-

er’s probability forecasts are rarely uniformly distributed
and so equal width intervals may not be sufficient1. Let

1For our ERC [6], VPM [9] and binning [11] meta-learner implemen-
tations, we used the Discretize filter provided by WEKA [10] which uses
an MDL criterion to optimally define bin interval sizes [5].



nj
b =

∑n
i=1 I{p̂i,j∈b} count the number of forecastŝpi,j for

classj ∈ Y that fall within bin intervalb ∈ Bj . There
are many possible choices of bin sizes, however we aim to
specify bin sizes which encompass enough forecasts (make
nj

b as large as possible for each bin) to obtain practically
useful estimates.

Once the sets of binsBj , j ∈ Y have been defined,
we can define reliability by calculating various statistic-
s from the individual binsb ∈ Bj . Reliability ensures
that for each bin of forecasts with predicted values≈ p̂,
the frequency of this label not occurring in that bin is
≈ 1 − p̂. To obtain a practically useful estimate of the
predicted value represented by each bin we use the aver-

age predicted probabilityφj
n(b) =

∑n
i=1 I{p̂i,j∈b}p̂i,j

nj
b

for

each bin intervalb. The empirical frequencyρj
n(b) =∑n

i=1 I{yi=j}I{p̂i,j∈b}

nj
b

of each binb calculates the propor-

tion of predictions in that bin that had true classyi = j.
To determine whether a binb contains enough forecasts to
be practically useful to gather theρj

n(b) andφj
n(b) statis-

tics an extra weighting termνj
n(b) = nj

b

n is used. Every
learner’s performance in calibration criteria can be cate-
gorised using the above functions. Using them intuitively
defines reliability. A learner iswell calibrated (reliable)
if its forecasts{p̂1,1, . . . , p̂1,|Y|, . . . , p̂n,1, . . . , p̂n,|Y|} and
a fixed specification of binsBj , j ∈ Y satisfyR(Γ, n) =∑|Y|

j=1

∑
b∈Bj

νj
n(b)|ρj

n(b)− φj
n(b)| ≈ 0.

3. Methods for Assessing Reliability

At present the most popular techniques for assessing the
quality of probability forecasts aresquare loss[10], log loss
[10] andROC curves[8]. The problem of defining effec-
tive scoring rules or loss functions for evaluating probabil-
ity forecasts has been considered in depth [4]. Each loss
function assesses a combination of reliability and resolu-
tion, with different biases on the individual components [7].
The area under the ROC curve is commonly used as a mea-
sure of the usefulness of the probability forecasts; the larger
the area, the better the forecasts.

The Empirical Reliability Curve(ERC) is a visual in-
terpretation of the theoretical definition of reliability [6].
Unlike the previous methods, the ERC allows visualisation
of over- and under-estimation of probability forecasts. For
more detail about ERC implementation please refer to [6].
In brief, each coordinate (marked as a cross) on the ERC
represents the statistics computed for each binb, and the
cross is coloured according the weighting of that binν(b)
(black = 1, 1> shades of grey> 0, white = 0). A reli-
able classifier will have ERC coordinates

(
φ(b), ρ(b)

)
close

to the diagonal line of calibration(0, 0) → (1, 1) (where
predicted probability equals empirical frequency). A trend

line is predicted from these coordinates using a weighted
regression algorithm [1] (each training example weighted
according to the valueν(b)). This allows the coordinates
which relate to a bin containing a large sample of forecasts
to have a greater influence on the shape of the curve.

4. The Venn Probability Machine (VPM)

The Venn Probability Machine (VPM) framework was
designed to complement predictions made by traditional
learning algorithms with provably reliable probability fore-
cast bounds in the online setting (where data is continually
updated) [9]. However, there is much empirical evidence
(as given in this study) to support the fact that these bounds
are also reliable for the offline learning setting. The VPM
“sits on top” of existing learners and can be easily modified
from generating bounds to useful point estimates. Essential
to the working of the VPM is the|Y| × |Y| dimensional
Venn probability matrixM.

The VPM is self calibrated by the definition of a fixed
method for grouping exampleszi = (xi, yi) into ‘types’.
The intuition behind this is that a reasonable statistical fore-
cast would take into accountonlyobjectsxi which aresim-
ilar to the object of interest to obtain reliable estimates. We
choose a finite set of types{λ1, . . . , λ|Λ|} = Λ to cluster ex-
amples into apriori. We assign types to each example using
a type defining functionTn : Zn → Λn, with the require-
ment that the function isinvariant (i.e. the order in which
the training examples are presented to the learning machine
does not affect the resulting types assigned for each exam-
ple). In practical implementations the underlying learning
algorithm is used to define the types. For the implemen-
tations of VPM Naive Bayes and VPM Decision Tree we
take the underlying learners’ probability forecasts and dis-
cretise them using the same MDL criterion [5] used in the
construction of the ERC plots. These discretised forecast-
s act as the types for our VPM learner; with this method
the number of types is defined dynamically as the algorithm
classifies data.

Of course, there are many different choices of type-
s Λ to cluster examples into, and many different ways of
defining these functionsTn. As soon as we specify the
type information, the corresponding VPM is defined au-
tomatically in a simple way as detailed below. In partic-
ular, the learning component of the VPM always lies in
the type definitions [9]. For each new test objectxn+1

we compute then + 1 types of then training examples
and the new test object with a tentatively assigned label
T

(
z1, . . . , zn, (xn+1, j)

)
= (t1, . . . , tn, tn+1). Once we

have computed the types for each tentatively assigned class
label yn+1 = j of the new test objectxn+1, we compute
a row of the|Y| × |Y| dimensional Venn probability ma-
trix M. The rows of the matrixM represent the frequen-



cy count of each class label in the set of training exam-
ples which have thesame typeas the new test example

Mij =
∑n+1

k=1 I{tk=tn+1}I{yk=i}∑n+1
k=1 I{tk=tn+1}

. The rows of each matrix

have the propertyΣ|Y|
i=1Mij = 1, which guarantees that the

predicted probabilities (averages of each column) will sum
to one. To extract conditional probabilities for each possible
label l ∈ Y from the VPM learner the average of each col-

umn ofM is calculatedP̂ (yn+1 = l | xn+1) =
∑|Y|

k=1 Mkl

|Y| .

5. Experimental Results

Further details regarding the experimental condi-
tions, datasets and programs used can be found at:
http://www.clrc.rhul.ac.uk/people/davidl/ICDMResults.html

In brief, we used 6 real life datasets, five from the UCI
data repository and one (Abdominal Pain) from Edinburgh
Hospital, UK. All datasets were tested using 10-fold cross
validation on an AMD Athlone 2Ghz PC. All programs
used are extensions of the WEKA data mining system [10].
Figure 1 shows several Empirical Reliability Curves (ERC)
to solely assess the reliability of probability forecasts output
by the C4.5 Decision Tree and Naive Bayes learners when
tested on the Satellite Image and Abdominal Pain datasets
respectively. The solid diagonal line represents theline of
calibration, where predicted probability (horizontal) equals
observed empirical frequency of occurrence (vertical).
Under and over estimation of probability forecasts are
represented by the reliability curve (dashed black line)
deviating above and below the line of calibration respec-
tively. On their own, both learners display over and under
estimation (unreliability) in their probability forecasts. For
example, when the Naive Bayes learner makes a prediction
with estimated probability 0.9, the empirical frequency of
the label occurring is only 0.7 (over estimation). In contrast
when a prediction is made with estimated probability 0.2,
the empirical frequency of label occurrence is actually≈
0.3 (under estimation). This phenomenon reiterates the fact
that both learners’ probability forecasts are too ‘extreme’.

Application of the Laplace transform to the C4.5 learn-
er and the Binning technique to both learners improves the
reliability of the probability forecasts, as shown by the ER-
C plots realigning with the ideal line of calibration (Fig. 1).
Despite improvement in reliability by the Laplace transform
to the C4.5 learner there is still a dramatic over estimation of
forecast valueŝp ≈ 0.8; this effect is also observed with the
Binning approach, but to a lesser extent. VPM implemen-
tations of the Naive Bayes and C4.5 Decision Tree learners
produce probability forecasts which are very reliable - as
shown by their well- aligned ERC plots (Fig. 1).

We used several assessment scores (Error Rate, ERC de-
viation area, ROC area, Square & Log loss) to determine
the effectiveness of probability forecasts output by the C4.5

C4.5 C4.5 Laplace

Binned C4.5 VPM C4.5

Naive Bayes Binned Naive Bayes VPM Naive Bayes

Figure 1. ERC plots visualising reliability of
probability forecasts output by various Naive
Bayes and C4.5 Decision Tree learners.

Decision Tree and Naive Bayes learners (and their vari-
ants) across six datasets. When scores were ranked, they all
ranked differently from the traditionally studied error rate
(results not shown), indicating that reliability and classifi-
cation accuracy do not always go ‘hand in hand’ [6]. The
ERC deviation, ROC area and loss scores supported the im-
provement in reliability shown by the ERC plots in Fig. 1.

Table 1 gives a summary of the average percentage
change (across all six datasets) for each assessment score
with respect to the underlying Naive Bayes or C4.5 Deci-
sion Tree learner. The VPM C4.5 Decision Tree results in-
dicate a dramatic improvement in terms of the quality of the
probability forecasts as compared with the Laplace transfor-
m and Binning technique (i.e. ERC deviation decreased by
79% for VPM C4.5 as compared with 12% for C4.5 Laplace
and 61% for Binned C4.5). This pattern of improvement is
also observed for the Naive Bayes learner, however the d-
ifference between the binning approach and VPM is less
striking. It is interesting that the ROC area is increased by
all techniques applied to the Decision Tree learner yet not
for the Naive Bayes learners. This could be because the
ROC area may be biased toward measuring the resolution
criterion and not reliability [6]. In this instance, the VPM
and Binning techniques for the Naive Bayes learner may be
forfeiting resolution for reliability. Indeed with VPM im-
plementations of both learners there is on average a slight
decrease in classification accuracy. Across all data the VP-
M is observed to be the slowest in terms of computation



Table 1. Summary of Results on UCI Datasets

Average Percentage Change For C4.5 Across Data (%)
Learner Error ERC

Dev
ROC
Area

Sqr
Loss

Log
Loss

Time

C4.5 Laplace 0 -12.1 +27.1 -8.4 -61.5 +39.5
Binned C4.5 -0.4 -61.6 +23.1 -10.6 -58.9 +90.6
VPM C4.5 +2.9 -79.2 +32.2 -16.4 -65.6 +1386.5

Average Percentage Change For Naive Bayes Across Data (%)
Learner Error ERC

Dev
ROC
area

Sqr
Loss

Log
Loss

Time

Binned Naive Bayes -6.1 -76.4 -3.2 -15.6 -60.6 +452.6
VPM Naive Bayes +0.7 -78.6 -4.1 -18.4 -64.1 +672.2

time compared to other techniques tested. This increase in
time is most apparent with the VPM Decision Tree with an
increase of +1386.5% as opposed to +672.2% with VPM
Naive Bayes. This is because the C4.5 Decision Tree is not
incremental by design and, unlike the Naive Bayes, when
a new example is added to the training data the C4.5 algo-
rithm must be re-run. As indicated earlier, the VPM learner
classifies each test example by adding it into the training da-
ta with all possible labels tentatively assigned. If the learn-
er’s hypothesis can be cached in memory for the training
data and simply updated (as with Naive Bayes) then huge
computational shortcuts may be made.

6. Discussion

We have tested three methods to improve the reliabil-
ity of the Naive Bayes and C4.5 Decision Tree learner-
s: Laplace transform, Binning and VPM. The VPM meta-
learner outperforms the other techniques in terms of im-
proving reliability, however this is at the cost of slightly
increased error rate and increased computation time. Un-
like the simpler techniques tested the VPM has the ability
to output provably reliable probability forecasts. The C4.5
Decision Tree learner is often limited by small sample sizes
settling at leaves of the tree, a problem that is not experi-
enced with VPM as it gains its statistics from the larger sets
of the training data (i.e. examples with the same type). The
Naive Bayes learner makes simplifying assumptions about
the underlying probability distribution (independence of at-
tributes) that rarely hold for real data. In contrast, the VP-
M learner makes no assumptionfurther than the data being
i.i.d., which is far more realistic; the only necessary condi-
tion for reliability is that the VPM’s type defining function
is invariant with respect to the order of the training exam-
ples. Indeed another advantage of the VPM approach is that
there are many possible type defining functions that could
be investigated to yield better results.

One major limitation of the VPM is its computational
complexity; if the learner is not naturally incremental, as
is the case with the C4.5 Decision Tree, then the computa-
tion time can be much larger than for simpler learners, and
with large datasets with many possible labels this could be-

come infeasible. It would be interesting therefore to inves-
tigate whether incremental versions of Decision Tree learn-
ers could be implemented successfully. Another limitation
of the VPM is that it can decrease classification accuracy.
However we argue that the practical benefit of significantly
improving reliability outweighs possible slight increases in
error rate. Knowing the reliability of probability forecast-
s will provide the user with an alternative perspective of a
learner’s performance, enabling the user to know whether
to ‘trust’ a learner’s predictions [6]. Suppose a user is pre-
sented withdiffering predictionsfrom two distinct learners
with similar classification accuracy. If reliability is over-
looked, the user will probably trust the prediction output
by the most accurate learner. However an ERC plot of the
probability forecasts made by this learner may reveal gross
over estimation. In our view, as practitioners in machine
learning we should aim to create learners which are both
accurateand reliable.
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