
   Black Box Analytics 

 

Organizations are now aware of the significant contribution that predictive analytics 

brings to the bottom line. Solutions, once viewed with skepticism and doubts, are now 

embraced by many organizations. Yet, from a practitioner’s perspective, certain solutions 

are easier to understand than others. The challenge for the practitioner is to provide a 

level of communication to the business end user such that the end user has the requisite 

degree of knowledge when using the solution. What does this mean? From the business 

end user’s standpoint, this means two things: 

 

1) The ability to use the solution in order to attain its intended business benefits 

2) Understanding the Business Inputs 

 

The ability to use the solution in order to attain its intended business benefits 

The use of decile reports and gains charts have been discussed in many data mining 

articles and papers and do provide the necessary information in making business 

decisions when using these solutions. The ability to rank order records with a given 

solution yields tremendous flexibility in understanding the profit implications under 

certain business scenarios. As businesses increasingly adopt predictive analytics, decile 

reports and gains charts are being recognized as the critical solution outputs in identifying 

these intended business benefits and the ultimate ROI of various initiatives.       

   

Understanding the business inputs 

This area represents the most challenging area as it is here that the analyst can really ‘get 

under the hood of a solution ’ and actually demonstrate what are the key business inputs 

to the model. Business inputs in a given solution can either represent specific variables or 

business rules. For example, a specific variable might be tenure which has a specific 

relationship to response rate in a particular campaign and is then subsequently determined  

to be a significant model variable. In another solution, business inputs are considered as 

business rules such as customers between 4-6 years of tenure, who live in Quebec, and 

who have been promoted 4-6 times in last year . In this example, these rules represent a 

key business segment in optimizing response. 

 

These inputs as mentioned above are determined from predictive analytics which in some  

cases use highly advanced mathematical techniques and  approaches. The approaches and 

techniques in theory allow the practitioner  to detect non linear patterns which can  

present real challenges in trying to explain the key components and triggers of the 

solution. What do we mean by this?.  Let’s take a look at the  model variable tenure  as 

mentioned above.  Suppose the distribution of tenure reveals 3 distinct mode points or 

peaks  when measured against response rate. There is a peak in response rate between 5-6 

years,  another peak  in response rate between 8-9 years and another one at 13-15 years.  

Mathematically, the variable is captured as having a non linear relationship with response 

rate. But as a  practitioner, how do I meaningfully explain the trend to the business user 

other than telling him or her to simply rely on the output as presented in the overall 

solution. Recognizing that non linear relationships can indeed be valid but without some 

underlying business rationale to support this trend, a more prudent approach is to use 



variables that demonstrate a more linear type relationship which will be more readily 

accepted by the business as a key  input  for a given solution.     

 

Yet in many of these advanced techniques, there are a number of variables which exhibit 

this high degree of non-linear complexity. With some of these advanced techniques and 

software, equations are not even the solution output. Instead the practitioner is presented 

with output in the form of business rules as explained earlier in this section .  Further 

complicating this scenario is the fact that non-linear variables may have interactions with 

each other whereby the actual interaction between multiple non-linear variables represent 

an actual input to the solution. These type of complex inputs pose real difficulties to the 

practitioner if he or she  is trying to educate the end users on what the model or solution 

is comprised of. For example, how does one explain a logarthimic transformation of a 

given variable multiplied by the square root of another variable. In fact, it is not 

uncommon to observe inputs that have 3 interaction variables  with each variable having 

some mathematical transformation. In attempting to explain this output, the common 

refrain from the practitioner is to simply ‘trust the solution’ or   ‘BLACK BOX’.  

 

  

 

 

Do I believe the business inputs? 

Yet, besides the communication challenge of ‘black box’ solutions, the second challenge 

is believability. Will the business community really believe that the equations and 

variables as seen in  black box solutions are simply superior  than  the more traditional 

linear and log-linear modeling techniques. Mathematically, we may be able to explain 

how a given input best explains the variation. But can we explain it in business sense. For 

example, if there is a linear relationship between tenure and response, it is far easier to 

explain that higher tenured people are more likely to respond thereby explaining why 

tenure has a positive coefficient within a given model equation . Conversely, assuming a 

linear relationship between income and response, we may conclude that higher income 

people are less likely to respond thereby explaining the negative coefficient of income 

within the overall model equation. But the ability to explain the impact of tenure on 

response becomes more difficult if the trend is a curvilinear one with multiple modes 

within the distribution. Tenure in this case would be captured in some kind of complex 

polynomial function that is very difficult to explain in business terms. This situation can 

even be more complicated if the solution is derived from machine learning as the 

resulting business rules do not look at trying to explain an overall trend of tenure with 

response. Instead, the tenure relationship is captured by attempting to optimize its 

relationship with response along  particular points of a distribution.  

 

With these type of black box solutions, user-driven parameters provide the necessary 

flexibility to the practitioner in delivering a variety of different solutions. The practitioner 

can alter the parameters in such a way as to deliver an almost  ‘perfect’ solution since 

these   high-end mathematical solutions will attempt to explain all the variation even the 

variation which is truly random. Of course, this is the fundamental problem with ‘black  

box’ solutions and hence the dire need for validation.           



 

 

 

 

 

Does it matter that black box solutions are difficult to understand?  

Many pundits will state that it does not matter as long as a proper validation environment 

has been created. There is merit to this argument in that all predictive analytics 

practitioners are ‘scientists’ at heart and will look to validation for verification of their 

efforts. As part of this validation effort, practitioners typically split the analytical file into 

a  model development file and a holdout validation file. Typically, this split can be 50/50 

but in some cases 70/30 as long as the 30% validation dataset  contains enough robust 

information for validation. Practitioners will also create a second validation dataset where 

possible that looks at the same data but in a completely different timeframe which is 

often referred to as an ‘out of  sample’  validation dataset. 

 

With  these validation datasets, the use of  more advanced techniques to potentially 

deliver superior solutions just makes scientific sense. Yet, putting on my practical 

business hat, one could  argue that the use of these highly advanced techniques are being 

deployed in environments where the random or error component of variation is very 

large. Typical scenarios for building models within the  marketing area often yield 

diagnostics such as the explained variance or  power of the model(R
2
)
  
which is typically 

5% or lower. This implies that 95% of the results are due to random variation.  Keep in 

mind that the ability to produce solutions even with this low R
2  

can still yield benefits in 

the seven figures on an annual basis. 
   
 

The use of these more advanced techniques in this kind of environment can actually be a 

detriment as these techniques will attempt to explain away this variation which is truly 

random. In these kind of environments where  the level of variation that can be truly 

explained is quite small, linear and logistic techniques will work just as well as the more 

advanced techniques.  

 

 

Of course, the key in really assessing the superiority of one solution over another is 

validation and the resulting gains charts where one can observe how well one solution 

predicts  behaviour over another solution. The notion of a robust validation environment 

is one area where practitioners and academics are in complete agreement.  

 

However, this inability to explain  the key business inputs can present a barrier to broader   

acceptance of using these tools throughout the organization.  Businesses need to have this 

so-called ‘deeper’ understanding because of the measurement process used to evaluate 

the performance of a given solution. This process cannot occur effectively if there is a 

gap in understanding what went into the solution. Of course, this is not a problem if the 

solution works perfectly. But what happens when solutions do not work. Under these 

scenarios, deeper forensics is required to understand  what worked and what did not work  

which certainly implies a deeper understanding of the key business inputs. This so-called  



comprehension gap in being able to effectively measure black box solutions is the reason 

why most organizations opt for the simpler linear or logistic type solutions. In this type of  

environment, the notion of ‘less is more’ is very applicable here since these non black 

box  solutions are more easily  understood and most importantly can be analyzed in a 

very detailed manner particularly when these solutions fail to produce the expected 

results. 

 

 

   Conclusions  

The use of black box solutions should not be entirely excluded from the analyst’s toolkit. 

Given the practitioner’s  focus on quantitative results, practitioners will always want to 

look at the results of various black box options within the validation exercise. They will 

want to compare the results of these solutions versus the more traditional type of 

techniques. If in validation, the traditional techniques are yielding more or less the same 

results as black box solutions which is the scenario in most predictive analytics exercises, 

then the more traditional type techniques will be employed. However, if black box 

analytics are delivering superior results, the analyst needs to understand what dollars 

might be actually compromised by using the more traditional type techniques. Under this 

scenario, testing of both approaches within a live marketing campaign should be 

conducted. Even better, the use of back testing or ‘out  of sample’ testing  could be 

employed presuming that there are relevant historical marketing campaigns in which to 

test both approaches.  As you can see, the point is not to preclude different approaches  

but rather to exercise prudence when adopting black box solutions that are not easily 

understood.     


