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H I G H L I G H T S    

• Transparent open-box (TOB) algorithm offers a fully auditable prediction tool.  

• TOB complements neural-network algorithms in its prediction performance.  

• TOB exploits spreadsheet functions, for example using Excel's Solver optimizers.  

• TOB's non-linear capabilities provide credible bubble-point pressure predictions.  

• TOB works less well with sparse data sets, consequently it avoids overfitting issues.  
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A B S T R A C T   

The transparent open box (TOB) learning network algorithm offers an alternative approach to the lack of 
transparency provided by most machine-learning algorithms. It provides the exact calculations and relationships 
among the underlying input variables of the datasets to which it is applied. It also has the capability to achieve 
credible and auditable levels of prediction accuracy to complex, non-linear datasets, typical of those encountered 
in the oil and gas sector, highlighting the potential for underfitting and overfitting. The algorithm is applied here 
to predict bubble-point pressure from a published PVT dataset of 166 data records involving four easy-to- 
measure variables (reservoir temperature, gas-oil ratio, oil gravity, gas density relative to air) with uneven, and 
in parts, sparse data coverage. The TOB network demonstrates high-prediction accuracy for this complex system, 
although it predictions applied to the full dataset are outperformed by an artificial neural network (ANN). 
However, the performance of the TOB algorithm reveals the risk of overfitting in the sparse areas of the dataset 
and achieves a prediction performance that matches the ANN algorithm where the underlying data population is 
adequate. The high levels of transparency and its inhibitions to overfitting enable the TOB learning network to 
provide complementary information about the underlying dataset to that provided by traditional machine 
learning algorithms. This makes them suitable for application in parallel with neural-network algorithms, to 
overcome their black-box tendencies, and for benchmarking the prediction performance of other machine 
learning algorithms.   

1. Introduction 

Machine learning algorithms are now essential and widely-used 
tools for predicting key variables for complex oil and gas systems with 
multiple influencing variables displaying highly irregular and/or non- 
linear relationships. Their application and diversity are growing [1]. 
However, one of the drawbacks to much of machine-learning algo
rithms is their lack of transparency, i.e., their inability to readily reveal 

the detailed calculations and correlations they apply in generating their 
predictions for each data record. 

This leads to frustration and scepticism amongst users and those 
painstakingly generating precise experimental measurements and es
tablishing auditable empirical formula to explain the relationships 
among their contributing variables. To many, such machine learning 
algorithms are merely black-box tools [2] unable to provide much in
sight to the underlying systems and datasets from which they are 
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making their predictions. Often the predictions from machine learning 
algorithms are supported with statistical demonstrations of very high 
levels of apparent accuracy (e.g., correlation coefficients R2 of > 0.99 
for actual versus predicted datasets). Such claims are often dismissed, 
sometimes unjustifiably, because of data “over-fitting” issues. 

Wood [3] has proposed a transparent open-box (TOB) learning- 
network algorithm that does not generate its predictions using neural 
networks nor by generating unauditable correlations. The TOB algo
rithm instead uses a matching, ranking and optimization technique in 
which all the weights applied and contributions to each prediction are 
revealed and auditable. This alternative approach to learning networks 
can provide reliable predictions of significant accuracy that are useful 
to compare with the less-transparent machine-learning approaches. 

Machine learning algorithms now routinely applied to many com
plex oil and gas systems (with typically little associated transparency 
available in the predictions they make) are artificial neural networks 
(ANN) combined with various optimization algorithms, least squares 
support vector machine (LSSVM), Adaptive Neuro-Fuzzy Inference 
Systems (ANFIS) and radial basis function networks (RBFN). Some in
sight to the inner workings of these algorithms can be obtained by 
running a series of simulations to measure the significance of the impact 
each input variable has on its predictions across a specific data set. Such 
information is better than no insight, but it falls short of providing 
details of the exact calculations involved in each prediction. Such si
mulations lead to partial transparency, e.g., so-called “white boxes” [4]. 

On the other hand, the TOB algorithm can be applied to provide a 
much greater degree of transparency. Here we demonstrate its appli
cation and performance in the prediction of bubble-point pressure from 
a published pressure-volume-temperature (PVT) dataset and compare 
its performance with that of a trained ANN algorithm applied to the 
same dataset. Accurate PVT data is essential for many reservoir en
gineering calculations (e.g., oil reserves and resource estimates, well 
inflow and well-test analysis and reservoir simulations). These routinely 
require quantified input in terms of reservoir fluid properties including 
bubble point pressure, formation volume factor (FVF) at bubble point, 
gas-to-oil ratio (GOR). These fluid properties vary among geographic 
locations and crude oil types a need to be established by laboratory 
analysis, which is expensive and time consuming, or by predictive 
methods based upon easy-to-obtain variables such as temperature, gas 
gravity, GOR and oil density or API gravity. 

Traditionally, the most common approach used to achieve predic
tions for key reservoir fluid properties is to apply PVT correlations. 
However, these correlations cannot be reliably applied in as uni
versally-applicable models because they are based on limited data sets 
of crude oil from specific geographic locations. Consequently, the pet
roleum industry continuously endeavours to improve the accuracy of 
predicting reservoir-fluid properties and to establish reliable and uni
versal methodologies for doing so that do not rely on correlations re
levant to limited crude oil types. It is for this reason that we focus on 
applying the TOB methodology to predict bubble-point pressure, one of 
the most widely applied reservoir fluid properties in reservoir en
gineering calculations. 

2. The transparent open-box learning network methodology 

The TOB learning network methodology [3] consists of fourteen 
steps divided into two distinct stages (network construction and net
work optimization) described in summary in Fig. 1 and its detailed 
mathematical basis is described in Appendix 1. The matching and 
ranking process involved in steps 1 to 10 (stage 1) typically on its own 
generates predictions with impressive levels of accuracy from highly 
complex and non-linear distributions of underlying variables. The op
timization process, conducted in steps 11 to 12, refines these predic
tions by varying the variables Q (the number of high-matching records 

to use in the predictions) and wN (weights applied independently to 
each of the N input variables to determine their relative contributions 
to the predictions) applied to the tuning subset. Step 13 applies the 
optimized network setting to the testing subset (consisting of data re
cords not involved in the network building or tuning steps). Depending 
on the level of prediction accuracy achieved Step 14 decides on if and 
how the TOB network should be deployed or used to benchmark more 
complex machine learning algorithms. A key attribute of the method is 
that the calculations involved in predicting the dependent variable in 
each data record are fully accessible. 

The root mean squared error (RMSE) and correlation coefficient 
(R2) of the actual versus predicted values of the dependent variable are 
useful prediction-accuracy measures. These are used here to assess the 
performance of the TOB and that of other machine-learning algorithms. 

The TOB learning network is relatively easy to setup and code. For 
small to mid-sized data sets it can use a spread-sheet platform. This 
enables it to use standard built-in optimizers (e.g. the generalized re
duced gradient -GRG, and evolutionary optimizers of Excel's Solver 
optimization function). For large datasets (i.e. several thousand data 
records) the TOB can be readily coded with a customized optimizer in 
the standard mathematical coding languages (i.e., Octave, R, Python, 
MatLab etc.). For the prediction of bubble-point pressure from a dataset 
of 166 data records presented here, a hybrid approach is adopted, i.e., 
the TOB network is displayed in Excel with some calculations con
ducted VBA coding, but sufficient spreadsheet formula involved to 
utilize Excel's solver optimizer for steps 11 and 12. 

3. Applying a TOB learning network to predict oil bubble point 
pressure (Pb) 

Reservoir fluid properties, such as bubble-point pressure (Pb), de
rived by laboratory test from PVT datasets, provide key metrics in the 
calculation of recoverable resources of oil and gas from specific sub- 
surface reservoirs. Pb is defined as the highest pressure at which the first 
gas bubble appears under the fixed temperature conditions. However, 
measuring Pb precisely by experimental methods in laboratories is time- 
consuming and expensive. To avoid such issues, many correlations re
lating bubble-point pressure to its underlying PVT metrics have been 
proposed to predict Pb. The work of Katz [5] and Standing [6] led the 
way, and, studies on larger datasets from oil fields across the globe 
[7,8] have expanded on these early correlations. Several empirical re
lationships for Pb derived using specific datasets [9,10], and related to 
equations of state [11], are now available. 

Additionally, several studies have applied machine-learning (artifi
cial intelligence) methods, especially neural-network models, to derive 
reliable prediction correlations for Pb from PVT data [12–17]. These 
learning networks facilitate the prediction of Pb from the more-easily 
measured input metrics, but typically do not provide details of the 
correlations involved in the predictions they generate. 

The TOB learning-network is configured here to evaluate the pub
lished PVT dataset [18] for 22 bottom-hole samples of crude oils from 
Pakistan for the purposes of predicting Pb. An ANN model was recently 
applied [19] to this dataset that predicted Pb. This data set provides 166 
data records from which Pb can be estimated (Table 1). For the TOB 
model, only four easy-to-measure variables (temperature- T (F), solu
tion gas to oil ratio -Rs (scf/stb), specific gravity of gas - γg, and API 
gravity of the oil) are used as input metrics for each data record. We 
also construct and apply an ANN model to the same divisions of the 166 
data records into training, tuning and testing subsets as used in the TOB 
model: i.e., training subset (99 records); tuning subset (34 records); 
and, testing subset (33 records). The roles of the three data subsets in 
the TOB methodology is explained in detail in Appendix 1 (also refer to 
steps 6 and 13 in Fig. 1). Specifically, the testing subset is extracted 
from the complete data set and not used in the tuning of the training 
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subset (TOB steps 7 to 12). The data records selected for the testing data 
set are not chosen randomly but spread intermittently and arbitrarily 
across the entire dependent variable value range covered by the full 
data set. The data records representing the maximum and minimum 
dependent-variable values for the full dataset are placed in the training 
subset defining the limits of the prediction range and are therefore not 
available to be selected for the testing subset. 

The results listed for the TOB model (Table 2) show that it achieves 
its optimum Pb prediction performance (based on the difference be
tween measured Pb values and predicted Pb values: RMSE = 132; 
R2 = 0.9729) when applied to the full suite of data records (following 
stage 2 optimization) with settings of Q = 3 and weights wT = 0, 
wRs = 0.01025, wγg = 1; wAPI = 0. Sensitivity analysis (Table 2) ap
plying different values of Q and different allocations of data records 
between the training, tuning and testing subset suggests that the TOB 
can generate acceptable levels of prediction performance when applied 
to this entire dataset. Varying the value of Q between 2 and 10 (Table 2) 
does not display a dramatic range of prediction outcomes (R2 hovers 

around 0.97 for all values of Q in that range, and RMSE varies between 
132 and 163 for that range of Q). The highest RMSE value is for Q = 2, 
which suggests at that value the data is being under-fitted. The inability 
of the TOB to provide a higher level of prediction accuracy than 
R2∼0.97, is due to the sparse data coverage for Pb values greater than 
about 1900 psi, as further analysis demonstrates. 

Artificial neural networks (ANN) consist of neurons that are ar
ranged in layers and highly interconnected to simplistically mimic the 
neural activities of the human brain. The ANN achieves learning by 
adjusting the weights of its neuron connections (i.e., synaptic weights) 
[20,21]. This adjustment is achieved by applying a learning algorithm 
to the ANN. A popular ANN, which is widely applied to many complex 
datasets, is the feed forward multilayer perceptron (MLP) processed 
with a back propagation learning algorithm. The theory and metho
dology of MLP is well established and documented [20,21] and applied 
to PVT data analysis for predicting petroleum reservoir fluid properties 
[15]. ANN theory and mathematical formulation is therefore not dis
cussed further here. 

The ANN model (MatLab-based), applied to the same subset con
figuration of data records (Fig. 2), involves two hidden layers (hidden 
layer 1 has 6 neurons; hidden layer 2 has 5 neurons). This ANN applies 
the following activation/transfer functions (purelin between input 
layer-hidden layer 1; logsig between hidden layer 1 and hidden layer 2; 
purelin between hidden layer 2- output layer). It is tuned with 1000 
iterations of the applying a back-propagation algorithm optimizing 
mean squared error between measured and predicted Pb values. The 
mathematical relationships developed by the ANN algorithm, involving 
weighting, biases and transformation functions lead to complex corre
lations that should be expected, in most circumstances, to be able to 
out-perform the prediction accuracy of TOB when applied to complex 
data sets. 

Fig. 1. Summary of the steps and stages involved in building a TOB learning network.  

Table 1 
PVT dataset for Pakistani crude oils (Al-Marhoun,1996) statistical summary of 
data record values to which the TOB learning network Wood [3] and an ANN 
model are applied to predict bubble-point pressure.      

Dataset Used for Bubble Point Pressure (Pb) Prediction 

Dataset:166 data records Min Max Mean  

Reservoir temperature T (oF) 182 296 242 
Solution gas to oil ratio Rs (scf/stb) 92 2496 500 
Specific gravity of gas γg (Air = 1) 0.8253 3.4445 1.760 
Oil Gravity (degrees API) 29.0 56.5 39.1 
Bubble-point Pressure at bubble point Pb (psi) 79 4975 952 
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The value ranges and non-linear relationships between the input 
variables, T, Rs, γg, API and the dependent variable Pb are illustrated in  
Fig. 3a–d. As well as non-linearity, these figures highlight the irregu
larity of the spread of data records across the Pb range covered by the 
full suite of data records. There is reasonably dense data record cover 
for Pb values less than about 1900 psi and sparse data record cover for 
Pb greater than about 1900 psi. Solution gas-oil ratio (Rs) shows a 
reasonable positive correlation with Pb within the data record suite 
(R2 = 0.7595). Oil gravity (API) and reservoir temperature show almost 
no correlation with Pb. Gas gravity (γg) has a poor negative correlation 
with Pb (R2 = 0.3798). However, that negative relationship all but 
disappears for Pb values greater than about 1900 psi. Rs is, therefore, 
the input metric best correlated with Pb, and has the greatest dis
criminatory impact in the record-match selections established during 
stage 1 of the TOB network development. 

Figs. 4 and 5 compare the Pb predictions generated by the TOB and 
ANN models applied to the full suite of dataset records distributed in 
the same way between training, tuning and testing subsets. Both models 
produce predictions of Pb to a high degree of accuracy. For the tuning 
(Fig. 4) and testing (Fig. 5) subsets, as expected, the ANN yields a 
higher correlation coefficient and a lower RMSE value, for predicted 
versus measured data, than predictions produced by the TOB model. 
The lower level of prediction accuracy achieved by the TOB model is 
primarily due to the sparsity of data points in the full dataset for Pb 

values above 2000 psi. There are only 15 data records in the entire data 
set with Pb values greater than 1900 psi. Once these 15 data records are 
distributed between training, tuning and testing subsets it means that 
data coverage of the Pb interval from 1900 psi to 4975 psi is very 
limited in each subset. Whereas the ANN model can derive credible 
correlations from sparse data sets, the TOB network, because it does not 
work be generating correlations, is not able to do so. 

The complex correlations generated within the ANN algorithm tends 
to perform particularly well with sparse and clustered datasets, such as 
the one evaluated here. As the TOB algorithm does not generate cor
relations as part of its prediction methodology it is unable to extra
polate with accuracy outside of the well-covered data ranges. This is 
because the TOB methodology is based on closely matching test data 
records with other records within the network and then adjusting the 
contributions of the best matching data records to the predictions by 
variably weighting the input variables. To illustrate this point, the TOB 
algorithm is applied to the portion of the dataset that is well covered by 
data records (i.e., Pb  <  1900 psi) by removing the 15 data records with 
Pb  >  1900 psi. Table 3 and Figs. 6 and 7 show the prediction perfor
mance results for the TOB applied to that dataset consisting of 151 data 
records (split: training subset 89 records; tuning subset 31 records; 
testing subset 31 records). In this data range the prediction accuracy 
achieved by the TOB, more closely matches that of the ANN, as seen by 
comparing Fig. 6 with Fig. 4 (right graph) and Fig. 7 with Fig. 5 (right 
graph). 

The results listed for the TOB model (Table 3) applied to the re
duced dataset (151 data records with Pb  <  1990 psi) show that it 
achieves its optimum Pb prediction performance for the tuning subset 
(based on the difference between measured Pb values and predicted Pb 

values: RMSE = 68; R2 = 0.9805). This is achieved following stage 2 
optimization with settings of Q = 6 and weights wT = 0.07038, 
wRs = 0.87741, wγg = 0.21069; wAPI = 0. Sensitivity analysis 
(Table 2) applying different values of Q and different allocations of data 
records between the training, tuning and testing subset suggests that 
the TOB can generate acceptable levels of prediction performance when 
applied to this more densely populated portion of the dataset. 

Varying the value of Q for the tuning subset between 2 and 10 
(Table 3) for this reduced dataset, reveals that R2 hovers around 0.98 
for all values of Q of 4 and above in that range (with RMSE varying 
between about 68 and 77 for that range of Q). The higher RMSE values 
for Q = 2 and Q = 3, and much lower R2 values, suggests at that for 
those Q values the data is being under-fitted. The TOB learning network Ta
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clearly provides a higher level of prediction accuracy (RMSE < ∼70; 
R2∼0.98) due to the dense spread of data records in this data subset 
limited to Pb  <  1900 psi. 

The inability of the TOB methodology to generate highly accurate 
predictions in sparse data regions, means that is less prone to overfitting 
than those machine-learning algorithms generating complex 

correlations to develop their predictions. The TOB relies on surrounding 
data points with close matches to the data record being predicted rather 
than on complex correlations establish by neural-network-type algo
rithms. The more-widely spaced the surrounding data points, and the 
more non-linear and clustered the relationship between the input 
variables, the less precise are the TOB's predictions are likely to be. This 

Fig. 2. Structure and methodology applied to the ANN model used to compare performance with the TOB learning network applied to the same Pb dataset.  

Fig. 3. (A to D). T, Rs, γg, and API relationships with Pb in the training and tuning subsets used for the TOB network application.  
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shortcoming of the TOB can be viewed as an attribute, in that it inhibits 
the algorithm from over-fitting sparse data sets. 

The lower R2 value achieved by the TOB algorithm than the ANN 
algorithm applied to the full dataset draws attention to that sparsely 
populated region of the dataset. Although, the ANN prediction accuracy 
achieved R2  >  0.99 (Fig. 5, right graph) there is a strong possibility 
that it could not be relied upon to predict with such accuracy when 
applied to a more extensive data set in the Pb region  >  1900 psi. The 
fact that the ANN correlations are based on such few data records (i.e., 
just 15 data records in the Pb region  >  1900 psi) runs the risk that it 
has probably over-fitted the limited data available. Although the ANN 
tuned network performs well in predicting the few records in the testing 
subset in that range, its reliability when applied to more data records 
for that range remains in doubt. The fact that the ANN model is unable 
to reveal the details of the calculations involved in the prediction of 
each data record reinforces that doubt. 

In contrast to the ANN algorithm, the TOB algorithm is fully 
transparent. This means that each of its prediction can be easily ac
cessed, audited and assessed for its suitability. This attribute is parti
cularly useful when evaluating prediction outliers. Furthermore, the 
TOB's Q factor enables sensitivity analysis that can reveal the degree to 
which its prediction assumptions are overfitting or underfitting the 
underlying training subset. This means that over-fitting and under-fit
ting are more easily avoided using the TOB network. 

However, the TOB algorithm clearly has limitations in its feasible 
applications. As demonstrated by the data set evaluated here the TOB 
algorithm cannot provide highly-accurate prediction performance for 
clustered or sparsely populated data sets. Moreover, its methodology 

restricts it providing predictions that are within the minimum and 
maximum dependent-variable range covered by the training subset. It is 
unable to meaningfully extrapolate beyond that range because it does 
not develop correlations between its input variables, but rather relies on 
matches with data records in the training subset. 

The TOB and ANN algorithms to some extent complement each 
other, with the strengths of one offsetting the weaknesses in the other. 
It is useful to use the TOB network to benchmark the performance of an 
ANN. Whereas, for complex datasets, the ANN should be able to out
perform the prediction performance of the TOB methodology and/or 
extend its predictions to wider ranges of the dependent variable value, 
some uncertainty remains associated with the opaque underlying cor
relations established by ANN. Benchmarking an ANN's performance 
accuracy to that achieved by the TOB methodology helps to clarify this 
uncertainty to a degree. In some cases, the improvement in prediction 
accuracy offered by ANN may not justify sacrificing the ability to audit 
each individual prediction calculation (possible with TOB but not 
ANN). Moreover, by applying TOB and ANN methods better insight into 
regions of the dataset prone to overfitting are more likely to be re
vealed. 

4. Conclusions 

Transparency of prediction can be achieved for complex non-linear 
data sets can be readily achieved by applying the transparent open-box 
(TOB) learning network. There are both benefits and drawbacks to the 
degree of transparency it provides. The TOB algorithm calculates pre
dictions differently from other machine-learning algorithms, by not 

Fig. 4. Predicted versus measured bubble-point pressure for the tuning subset (34 records). 99 records in the tuning subset.  

Fig. 5. Predicted versus measured bubble point pressure for the testing subset (33 records). 99 records in the tuning subset.  
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establishing correlations between the underlying input variables. 
Instead, it depends on closely matching (in stage 1) each data record 
with a specific number (from 2 to 10) of data records in the training 
subset. This enables the details of each prediction to be readily revealed 
and audited. 

The TOB algorithm (stage 2) can be set up to utilize standard 
spreadsheet optimizers (e.g., Excel's Solver options), which simplifies 
its optimization process. Additionally, sensitivity analysis by varying its 
Q value helps to reveal conditions leading to underfitting or overfitting 
of the underlying data set. This makes it useful as a performance 
benchmark for ANN and other machine-learning algorithms. complex 
neural and fuzzy network algorithms. 

Despite its advantages, the TOB learning network does not perform 
well with sparse or highly clustered datasets. Also, as it does not gen
erate correlations between the underlying variables it cannot extra
polate predictions beyond the range of dependent variable values 
covered by its underlying training subset. In such conditions, it is better 
to deploy the TOB algorithm over limited data ranges for the dependent 
variable to be predicted, where multiple data records exist, and are 
relatively evenly distributed, rather than applying it to predict over 
ranges with only intermittent data coverage. For these reasons, it is 
considered justifiable to use the TOB and ANN algorithms together in 
some cases (i.e., running them in parallel), to generate predictions that 
can be compared, benchmarked, and at least in part audited and as
sessed for overfitting tendencies. 

Future work is planned to apply TOB and ANN in parallel to a more 
extensive worldwide PVT database for crude oil and evaluating other 
crude oil characteristics (e.g. viscosity, chemical compositions) to refine 
and improve the prediction accuracy for bubble-point pressure. This 
approach would help to avoid the need for extensive and expensive 
laboratory analysis and/or the reliance on PVT correlations based on 
limited sample groups from specific geographic regions.   Ta
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Fig. 6. Predicted versus measured bubble point pressure for the tuning subset 
(31 records) applied to the 151-record dataset (excluding the 15 data records 
with Pb  >  1900 psi). 

Fig. 7. Predicted versus measured bubble point pressure for the testing subset 
(31 records) applied to the dataset (excluding the 15 data records with 
Pb  >  1900 psi). 
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Appendix 1. TOB Methodology and Mathematical Formulation 

The TOB learning network has been recently introduced and applied to a range of non-linear systems to provide predictions of credible accuracy 
[3,22]. It involves two distinct and sequential stages (1 and 2) involving fourteen calculation steps (Fig. 1). TOB Stage 1 develops lazy learning [23] 
and nearest neighbour [24] principles. It does so by applying very specific and evenly weighted mean square error (MSE) calculations on its input 
variables. TOB Stage 2 selects variable weightings using an optimizer. This approach provides a highly flexible and versatile weighting regime than 
typically associated with k-nearest neighbour classifiers [25]. 

TOB Stage 1 (data matching and provisional prediction)    

Step 1: Set up a 2-D array of N input variables and one dependent variable to be predicted for each of M data records.   
Step 2: Arrange the data records in a systematic order defined by the prediction variable's values (e.g. ascending or descending value order).   
Step 3: Derive maximum and minimum values (and other standard statistics, such as mean and standard deviation) for all records in the dataset 
(Table 1).   
Step 4: Normalize the data in the array so each variable spans a range from minus 1 to plus 1 (−1,+1). This is achieved by using Eq. (A1)  

Xi* = 2*[(Xi- Xmin)/(Xmax-Xmin)]-1                                                                                                                                           (A1) 

Where:   

Xi = variable X value for the ith data record   
Xmin = minimum value of variable X   
Xmax = maximum value of variable X 

Xi* is the normalized value of variable X for the ith data record.   

Step 5. Generate statistical analysis of the normalized values to check that the variables are all correctly normalized.   
Step 6. Distribute the data records between training, tuning and testing subsets. Sensitivity analysis is conducted to establish the optimum 
percentage of data records to allocate to each data subset. Firstly, the data records to be used for testing are extracted from the complete data set 
and placed to one side. Sensitivity analysis then helps to divide the remaining data records between the training and tuning subsets in proportions 
that achieve an acceptable prediction accuracy. For most data sets the training subset is likely to hold more than seventy-five percent of the data 
records. For large datasets of several thousand data records the sensitivity analysis often reveals that the training subset can be a much larger 
percentage without compromising prediction accuracy.   
Step 7. The variable squared error (VSE) between each variable in the J data records of the tuning-data subset and the K data records in the 
training-data subset are calculated using Eq. (A2): 

=VSE X X tr X tu( ) [ ( ) ( )]jk k j
2 (A2) 

Where:   

X tr( )k = variable X value for the kth training-subset data record   
X tu( )j = variable X value for the jth tuning-subset data record   
VSE X( ) jk = squared error value for variable X for the jth tuning-subset data record versus the kth training-subset data record.   
∑VSE is then established as the sum of the VSE values for each variable for each data record match using Eq. (A3): 

=
=

= +

VSE VSE Xn Wn( ) ( )jk
n

n N

jk
1

1

(A3) 

Where:   

VSE Xn( ) jk = squared error for variable Xn for the jth tuning-subset data record versus the kth training-subset data record.   
VSEjk = sum of the squared errors for all N+1 variables for that data record match.   

Wn = weight (0  <  Wn ≤ 1) applied VSE of each of the N+1 variables involved. These weights are all set to the same values (e.g. 1) in TOB 
stage 1 to avoid any bias in the initial training of the prediction network.   
Step 8. Select and rank (lowest in ∑VSE is ranked number 1) the top-Q-matching data records in the training subset for each tuning subset data 
record. Q = 10 is typically sufficient for TOB stage 1. However, Q could be adjusted to higher or lower values, if necessary, to improve prediction 
accuracy.   
Step 9. The Q-selected training-subset data records (i.e. best matches) for the jth tuning-subset data record each contribute a fraction to the 
prediction of the dependent variable. That fraction is proportional to the relative ∑VSE scores of those Q records for the jth data record That 
fraction is calculated with Eq. (A4) to Eq. (A6) and 

=
=

=
f VSE VSE/q jq

r

r Q

jr
1 (A4) 

Where:   

q = qth top-ranking training-subset record for the jth tuning-subset data record.   
fq = fractional contribution of qth top-ranking records for the jth tuning-subset data record. 
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The constraint defined by Eq.(A5) applies the sum of the f values applied to each matching data record. 

=
=

=

f 1
q

q Q

q
1 (A5)  

The matching training-subset data record with the lowest VSEjkvalue should contribute most to the dependent-variable prediction for the jth 
tuning-subset data record. To achieve this (1 - f) is the multiplier applied in Eq. (A6) to each of the Q top-matching records. 

=+
=

=

+X X f( ) [( ) (1 ) ]N j
predicted

q

q Q

N q q1
1

1
(A6) 

Where:   

+X( )N q1 = dependent variable for the qth data record in the training subset.   
+X( )N j

predicted
1 = Stage −1 TOB predicted value for the dependent variable for the jth tuning-set data record. 

This prediction is provisional because equal weights (Wn) are applied to the variables in TOB stage 1.   

Step 10. Measures of statistical accuracy are calculated for the TOB stage 1 predictions. The measures used include: coefficient of determination 
(R2); mean square error (MSE); and, root mean square error (RMSE). These are calculated with Eq. (A7) to Eq. (A9), respectively. 

= =
=

=
=R

X X

X X
1

( )

( )
j
j J

j
actual

j
predicted

j
j J

ave
actual

j
predicted

2 1
2

1
2

(A7)  

=
=

=

MSE
J

X X1 ( )
j

j J

j
actual

j
predicted

1

2

(A8)  

=RMSE MSE (A9) 

Where:   

Xj = dependent variable (i.e. +X( )N j1 in Eq. (A6)) for the jth tuning-subset data record;   
X j

actual = actual (or directly measured) value of the dependent variable for the jth tuning-subset data record;   
Xj

predicted = predicted value of the dependent variable for the jth tuning-subset data record   
Xave

actual = average actual value of the dependent variable for all J data records in the tuning subset. 

TOB Stage 2 (optimization)    

Step 11. Optimization is performed to minimize RMSE (Eq.(A9)) collectively for the J data records in the tuning subset. This is achieved by 
adjusting optimization control metrics while applying certain constraints. 

The two optimization control metrics are:  

(1) Varying the values applied to the N input-variable weights (Wn). Small non-zero values to weights applied to certain variables can and do have a 
significant impact on the accuracy of the predictions derived.  

(2) Varying the number (Q) of top matching records in Eqs. (A4), (A5) and (A6). For most data sets: 2 ≤ Q < =10. The optimizer is allowed to select 
the best integer value of Q to minimize RMSE. It does this by systematically changing the value of Q in the three equations mentioned and by 
comparing the RMSE value for the predictions generated for each integer value of Q evaluated in the range 2 ≤ Q < =10. For examples, if Q is 
set to “4“, the predictions for all of the tuning subset data records only use the top-4 matching records from the training subset related to each 
tuning subset record in making their predictions. In this way the optimization algorithm identified which value of Q leads to the most accurate 
predictions for the tuning subset as a whole. 

Here, the GRG (Generalized Reduced Gradient) algorithm option of the standard “Solver” optimizer in Microsoft Excel (Frontline Solvers [26]) is 
used, in conjunction with visual basic for application (VBA) code, to conduct the optimization process. Other evolutionary optimizers could be 
applied to achieve similar outcomes. For mid-sized dataset calculating the TOB predictions in Excel facilitates the display all the intermediate 
calculations in a convenient format. 

The top-matching data records in the training subset for each tuning-subset data record are carried forward from TOB stage 1 for selection by 
TOB stage 2. Eq. (A3) is re-evaluated by varying Wn in each iteration of the optimizer. Additionally, TOB stage-2 VSEjqscores are derived with Eq.  
(4) by varying Q (2  <  Q ≤ 10) in each iteration of the optimizer, contrasting with the fixed value of Q used in TOB stage 1.   

Step 12. Calculate TOB stage-2 RMSE and R2 values for the predictions provided by the optimum Step 11 solution. Compare the TOB stage-2 
predictions with the TOB stage-1 predictions to assess the prediction improvements achieved, if any. Running sensitivity analysis with different 
values of Q (i.e. Q = 2 to 10) often provides insight to potential underfitting or overfitting issues with the data set.   
Step 13. Calculate TOB stage-1 and stage-2 predictions for the independent testing data subset using the optimum values established for Wn and Q 
in Step 11. Calculate and evaluate the RMSE and R2 values for the predictions calculated for the testing data. Reviewing the intermediate steps in 
the calculations often provides useful insight to the variables that have the most influence on prediction accuracy (it is often not those with the 
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highest Wn values). It also helps perform outlier analysis (i.e., understanding why some data records lead to less-accurate predictions).   
Step 14. Consider whether the prediction accuracy achieved by the method is sufficiently meaningful for it to be relied upon. Also, evaluate how 
its prediction accuracy compares with other machine-learning tools. 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.petlm.2018.12.001.  
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