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Why need to Validate?
• Machine learning (most commonly neural nets) is practically opaque to a 

debug walk-through

• Reruns against the same training data can yield quite different models,                 

because

• Layers are initialised by random weights and biases, 

so

• No guarantee the cost function has not found misleading local minima

Therefore, one cannot explain why or how a particular prediction 
was correct/incorrect

NB! We make no claims to ML/NN expertise. This is an empirical account only 
of our experiences in trying to get to something sensible and useful.



Why 
Need to 
Validate:

https://xkcd.com/1838/

Not 
reassuring 
for a 
client



Hand-
written 
Digits

Pixelated input                Pixel representation of hidden layers          Fires 4th (0-based=3)   

3blue1brown:  https://youtu.be/IHZwWFHWa-w



To Validate: Contrive Independent Benchmarks
• For hand-written digits:

• Is the output better than a random guess (one in ten chance of being correct)

• A “1” has far fewer black pixels (on white background) than “8”. A “7” about 
half as many. Measuring ‘darkness’ gives about 50% correct

• For Brand Coding:

• Compare the correct rate to that obtained from Approximate String Matching 
algorithms such as Damerau-Levenshtein

• Correlation of trained vs predicted on same cases

• For text sentiment:

• Compare the correct rate to that obtained from summing pre-defined word 
weights

• Correlation of trained vs predicted on same cases



To Validate: Test for Consistent Model Behaviour

• Test the model on its own training data
• Having already seen the answers, how well does it remember?

• Compare multiple runs
• Disparities measure instability

• Does the ratio of correct:total degrade naturally as resolution 
increases?
• One would expect Binary sentiment (predict just positive or negative) to be a 

great deal more accurate than predicting a value from 1 to 5,  and that in turn 
more accurate than 0 to 10



Predicting Likely to Recommend (NPS) from 
Sentiment

• Q4a: On a scale of 0 to 10, how likely are you to recommend <brand> 
to friend or relative? [8]

• Q4b: Why did you give that rating? [“Good service, reasonable price”]

Rating + expatiate questions provide a self-tagged training set. This 
respondent equates the sentiment of “Good service, reasonable price” 
to be = 8

•Given just the text Good service, reasonable 
price, how reliably can the sentiment score 
= 8 be predicted?



Generic Verbatim Issues
• Truncated by field: 

Low annual premiums; option of no excess; ease of using hospital cover, i.e. bills sent directly fro

• Slang and abbreviations: 
I wanna leave and change asap

• Formatting: 
Happywiththeirsystem

• Nonsense:
Daddy is good at it

• Puzzling: 
confiability

• Skimmers:
434774244347742443477

• Spelling: 
physcologist



Q4a Distribution

• Over 90% of the 29,000 respondents gave a rating >= 5

• Ratings 7, 8 and 10 most popular

• Negative/positive apex between 6 and 7 (by manual review)



The Independent Benchmark: Syuzhet Scores
syuzhet: an R package for text analysis. In Russian formalism, syuzhet is the 
narrative structure of a novel/drama/poem.

• How it works:
if love=0.75, beauty=0.5, good=0.5 then Love of beauty is good scores 0.75+0.5+0.5 = 1.75

• Most negative response at score of -4:
…lack of details concerning claimable areas…non-claimable costs…feels cheap and nasty to say 
a health service is claimable, only to discover it's not…disappointing and covert

• Most positive response at score of 8.4: 
… The yearly cost was half … the benefits were immensely better…the best value available 
today… not for profit fund… accessible for helpful information...

• Syuzhet issues:
• But many zeroes because

• Word misspelled so weight lookup fails
• Words not in dictionary
• Opposites can cancel

• Long responses can accumulate greater absolute score



The Syuzhet Benchmark

• Red is target, being the respondents’ own ratings

• Blue is syuzhet on spell/grammar-checked (un-spell/grammar-checked is almost as good)

• De-noised by filter and roll

Can ML 
do better 
than this?



Using Microsoft’s ML.Net

• Free AI/ML libraries

• Caller code (get inputs, apply models, write outputs) in VB.Net, 
compiled in Visual Studio 2017 Community (free if <$USmillion) –
search for ML.Net

• An agency-friendly environment – MS VB on Windows desktop rather 
than C/C++ or Python under Linux

• We experimented with and adapted the supplied examples



The Model Inputs

• For each respondent, assemble self-rating + verbatim as

0 to 10 scale

0 to 1 (binary scale) as net of 0 to 6 = 0 = negative, and 7 to 10 = 1 = positive



Run the Model

• Loop five times for comparisons
For runID = 1 To 5

model = TrainSentimentMultiClass("Q4a_1", InputTextVar, TrainCaseFilter)
EvaluateSentimentMultiClass(model, … InputTextVar, "Q4a_1", EvalCaseFilter, runID)

Next

Public Function TrainSentimentMultiClass(…)
…

Dim sdcac As New Trainers.StochasticDualCoordinateAscentClassifier
…
model = pipeline.Train(Of ClassificationData, ClassPredictionMultiClass)

Return model
End Function

Public Function EvaluateSentimentMultiClass(model…)
…
pred = model.Predict(probe)
…

End Function

The BLACK BOX



Compare Outputs

• Models were executed five times at each resolution (2, 3, 4, 5, 11)

Constructed 
targets as 
nets of the 
source Q4a

Res11 target is Q4a itself



At Lowest Resolution (binary)

=100-100*(600+478)/(9060+20085) Min Max Diff
Negative  9059 9062 3
Positive 20083 20086 3

• Very stable (identical %s at 0DP) 
• But binary is the widest possible target



As Chart:



At Quad Resolution

• Correct 74.26% avg
• Base counts quite disparate 

(esp. 0/3, max=909, min=93)
• Cells %s no longer identical 

But still has a strong diagonal structure



As Chart



At Highest Resolution (Predicting Q4a itself)

• Now only 46.5% correct

• A lot more noise

• Overlaps on 5/6, 7/8, 
9/10

• Base and % disparities



Correct Ratios - All Runs

Runs

1 2 3 4 5 Avg

Res2 96.3 96.31 96.3 96.31 96.31 96.306

Res3 78.27 78.84 78.84 79.11 79.31 78.874

Res4 74.11 74.24 74 74.42 74.63 74.28

Res5 73.05 72.95 72.9 72.93 73.07 72.98

Res11 46.86 46.5 46.18 46.38 46.42 46.468
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• Ratios at each resolution are stable across all runs
• But at higher resolutions, frequencies and percents increasingly diverge

Is resolving to 11 points (avg 46.5) too ambitious?



Remove Noise

• Ignore verbatims with syuzhet score = 0
• Not enough meat for syuzhet to register, so ML will also have difficulties

• Q4a frequency counts are quite low for ratings 0 to 4

• Respondent engagement (as a considered verbatim response) loosely 
corresponds with rating
• longer, detailed, expansive for higher ratings, but short or irrelevant for lower 
• Small sample sizes and low engagement responses will distract ML

So filter to syuzhet_score<>0 and Q4a is a 5 to 10



As Chart • Predictions run a little high, but

• Better match than syuzhet



As Per Case Correlation: 0.71



As Per Verbatim Correlation: 0.9924



Conclusions:

• ML is a better predictor than the syuzhet weighted words approach

• Consistent Correct ratios across runs

• Resolving to 11 points is the practical limit (on this test set)

• Excellent match on de-noised per-case plots

• De-noised correlation > 0.99 (by unique verbatim strings)

Therefore:  The model can be deemed to be 
sufficiently valid to deploy against unseen cases


