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Comparing AdaBoost and MultiBoost, with Accuracy, Bookmaker & Kappa, on Strong REPTree Learner vs Weak DS. 
26 cycles of boosting are used for Strong Learners, and  26 to 2600 cycles are used for Weak Learners with AdaBook. 
The Weak Learner is shown for a dataset as a Baseline (left/red) and the Strong Learner as a Treeline (right/yellow). 

2x5Cross Validation of 26 & 260 iteration AdaBoost & MultiBoost with & without chance correction on Decision Stump (DS):  
Chance correction with Kappa & Informedness compared against standard AdaBoost.M1 on Datasets with 10-26 characters. 
A 1-standard deviation Baseline range (Decision Stumps) and Treeline range (REPTrees) are also shown for ease of reference. 

Maximizing common evaluation measures such as Accuracy, Precision, Recall 
and F1, or minimizing most commonly employed error measures, absolute or 
relative, does not correctly optimize your problem and is not comparable across 
different datasets, different contexts, different algorithms or even different 
parameterizations, where these differences lead to different prevalences or 
biases.  Prevalence of a class is how often it occurs in the real world, while the 
Bias of a label is how often you predict it.  Obviously for a perfect solution, 
these should match, but sometimes some cases are worth more than others, or 
are more difficult than each other. 

Many approaches have been proposed over the last century to address the problem 
of bias by correcting measures for chance, or by devising measures that take into 
account the varying costs and prevalences.  This is different from just looking for 
evidence that the results are significantly different from chance, and ideally they are 
directional rather than just indicating a difference.  Some common alternatives are 
the various forms of Kappa, and the various forms of trade off of two traditional 
statistics, of which ROC (Receiver Operating Characteristics) is a relatively sound 
approach, while plots or averages of Recall vs Precision are very unsound methods. 
    Kappa involves making an estimate of the expected performance due to chance, 
and then renormalizing this based on available room for improvement over chance: 
Kappa = (Accuracy – ChanceA) / (1 – ChanceB).  Informedness has been derived 
and reinvented many times under different names [1,2], and represents the costing 
placed on wins and losses by a Bookmaker, or the same marking system as is used 
for cancelling our the effect of guessing in multiple choice tests.  It is also closely 
related to Correlation, and Kappa, Informedness and Correlation are well defined 
for the multiclass case, unlike Recall, Precision and F1 which consider only a single 
class!  Binary Informedness can be expressed in ROC terms, tpr–fpr, or as a form of 
Kappa: (Recall – Bias) / (1 – Prevalence) = Recall + Inverse Recall – 1, but unlike 
other Kappas has been shown to have a well defined probabilistic interpretation as 
the probability of making an informed decision (rather than guessing) [1]. 

If uncorrected evaluation is so bad, and chance-corrected evaluation so important, 
doesn’t this mean our learning algorithms should be optimizing chance-corrected 
measures. Yes, indeed! Some algorithms (like ANNs and SVMs) have a bias to 
match Prevalence and Bias (when all measures become equivalent), whilst others 
(like Decision Trees and AdaBoost) tend to end up making an assumption that 
amounts to assuming equal numbers of positives and negatives (rp = pp or fp=fn). 
  AccK = (1+K)/2 and ErrK = (1–K)/2 are simple formulae that will map any 0 
centred Kappa-like chance-corrected measure to a ½ centred Accuracy or Error-
like measure than can be plugged straight into boosting algorithms like AdaBoost. 
   Boosting works by looking at the cases an initial Base Classifier gets wrong, 
and working harder on these – theoretically it can work as long as the Base 
Classifier always does better than chance.  AdaBoost uses the odds ratio, accuracy 
to error, to do the reweighting. If we plug in Cohen Kappa, we call it AdaKap, and 
if we plug in Bookmaker Informedness, we call it AdaBook. We can also plug 
these into MultiBook, to extend AdaBoost by introducing cycles of Bagging – 
randomly selected ‘bags’. How well AdaBoost, AdaBook and AdaKap will do 
depends on the learner and what it optimizes.  For example none of them work 
well with Naïve Bayes (Fig. 1 in the paper).  
   AdaBoost.M1 is a version of AdaBoost that turns K-class problems into one-
versus-all 2-class problems, but tends not to work well as it requires the Base 
Classifier to achieve an accuracy of at least 1/2 whereas chance is likely to be 
more like 1/K. But AdaBook and AdaKap don’t have this problem so will tend to 
do much better, although sometimes a weak Base Learner will still optimize an 
incorrect measure and stop the boosting prematurely (‘early surrender’).  Where a 
strong Base Learner is used this is unlikely to occur, so AdaBook and AdaKap are 
only marginally ahead. But as Kappa is closely related to Accuracy it often does 
better than the theoretically optimal Bookmaker version. 
   Figures 2 and 3 illustrate all these variants of AdaBoost with a weak Decision 
Stump learner (splits with one attribute to make its decision) as well as with a 
strong REPTree learner (repeats with other attributes to grow the tree further). 
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