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Abstract: Diminishing Manufacturing Sources and Material Shortages (DMSMS), also referred to as 
obsolescence, is a sector of product sustainment that is receiving more attention as certain technologies 
continue to have longer and longer system life cycles. Much of the research today points towards a need 
for better electrical component end-of-life (EOL) predictors. A small-scale case study was performed to 
explore the use of machine learning for obsolescence forecasting of flash memory chips. The Random 
Forest classification algorithm was able to predict the Active vs. Obsolete status in both the training data 
and the test data with an OOB error rate of 10.87%. The Random Forest regression algorithm was able to 
predict an obsolescence date of an obsolete component on average 0.75 years after the actual 
discontinuation of the component and 1.08 years for active components. The regression analysis had an 
overall error rate of 0.53%. This study demonstrates opportunities and challenges for using machine 
learning as a future DMSMS forecasting tool. 

1. INTRODUCTION

Diminishing Manufacturing Sources and Material Shortages (DMSMS), is a sector of product
sustainment that historically has been overlooked by most industries. Technologies that have long 
sustainment life cycles are typically the most impacted by obsolescence. These include airplanes, ships, 
industrial equipment, medical equipment, and military systems which are slow in the implementation of 
new technology and leading-edge technology often because of the expenses and length of time that 
accompanies the development of a new product (Sandborn, 2011).  

A deep dive into the literature shows that the main areas of concern for obsolescence are cost 
optimization, obsolescence management, system life cycle, design/system refresh planning, 
architecture/open systems, and end-of-life (EOL) predictions. In the EOL predictions category, of the six 
articles, there was only one article that proposed the idea of machine learning. A considerable portion of 
the research shows an interest in obsolescence forecasting tools, but there is minimal information 
involving the use of machine learning algorithms.  

This paper will present an original case study of experimentation using the Random Forest 
classification and regression algorithms to complete a small-scale case study using a sample size of 92 
Xilinx Field Programmable Gate Array (FPGA) chips. R statistical computing and graphics software was 
used to conduct this experiment. The goal was to see how accurately the algorithm classified each chip as 
active or obsolete and how closely it can predict a product discontinuation date. The features selected for 
the algorithms to use were Slices, Logic Cells, Max Distributed RAM Bits, DLL, PLL/MMCM, Max IO, 
5V Tolerant, and MHz. 
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2. CASE STUDY 

As previously stated, a case study was performed using the Random Forest classification and 
regression algorithms with a sample size of 92 Xilinx Field Programmable Gate Array (FPGA) chips. R 
statistical computing and graphics software was used to run these algorithms comparing the selected 
features of Slices, Logic Cells, Max Distributed RAM Bits, DLL, PLL/MMCM, Max IO, 5V Tolerant, 
and MHz. These variables were selected based on personal experience on what may be an important 
component prediction factor and information that was readily available for the entire sample size. A total 
of 11 Xilinx Part Families consisting of 92 FPGA chips used in this case study. There were 54 obsolete 
components used that are indicated with red in the Status column, and there were 38 active components 
used. The component marketplace introduction dates range from the years 1998 – 2009.  

2.1. Classification Code 

The importance of the classification code’s output is that it allows for the creation of an obsolescence 
risk model to show the probability that a part is obsolete or not. A component may still be available in the 
marketplace, but based on the Machine Learning model, there may be a high risk that it will be obsolete 
soon and is therefore not desirable for future designs. The R coding packages of cowplot and Random 
Forest were used for classification. The training and testing sizes were both set to 50% with the decision 
tree level set to 500.  

2.2. Regression Code 

Below is the regression code used for predicting the End-of-Life date of a component. The importance 
of this code is that its output gives design engineers a timeframe for when the part is expected to be 
discontinued. This information not only provides designers useful way of predicting the amount of time 
needed to complete a redesign or find an alternative part, but this timeframe assists in maximizing the 
number of high-risk components that can be removed from the current product or redesign (Jennings, 
2016). 

The Random Forest library was used, and the decision tree level was set to 500. Obsolescence 
predictions were compared to actual discontinuation dates and active components were compared to Q-
STAR predictions. Q-STAR is a commercial database that helps companies with component life cycle 
management. Having results comparable to an already available commercial data source helps validate 
the accuracy of the Machine Learning algorithms and their efficacy in predicting obsolescence. 

2.3. Error Rate Plot Code 

The error rate code uses the ggplot2 package to create the decision tree chart further down in this paper. 
The importance of this chart is it shows how many decision trees are needed for the algorithm to perform 
with the lowest error rate. Too few trees will result in a larger rate of errors. A model with more trees than 
needed will not hurt the results, but the model will perform slower. 

2.4. Feature Importance Code 

This was used for determining feature importance and the statistical significance of each of the selected 
features. This shows us what weight the algorithm is placing on each variable along with the associated 
p-values.   

2.5. Feature Selection 

Feature selection is referred to the algorithmic process of obtaining a subset from an original set of 
features to select the relevant features of the dataset (Cai, Luo, Wang, & Yang, 2018). Figure 1 shows the 
framework for the feature selection process. The main reasons for feature selection are for faster algorithm 
training times, reduced model complexity, improved model accuracy, and reduced overfitting (Kaushik, 
2016). Selecting features will be a combination of personal knowledge and the algorithms mathematically 
selecting them on their own based on relevance. 

34



Proceedings of the 2021 IEMS Conference  
 

 

 
Figure 1: Feature selection framework (Cai, et al., 2018) 

Data will initially be gathered from publicly available datasheets such as the one from Xilinx in Table 
1 below. The top portion of the table contains information such as System Gates, CLB Array, Number of 
Slices, Logic Cells, and so on that can be used as possible obsolescence predictors. Not every data sheet 
for every part family or manufacturer contains the same information. This makes the initial feature 
selection process difficult and time consuming. However, once the features are selected and the model is 
trained, the model can be modified to use only what it determines to be the most important variables to 
improve its accuracy and speed. 

Table 1: XILINX VIRTEX-II Series FPGAs Datasheet (Xilinx, n.d.) 
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2.6. Model Accuracy Validity 

There are five ways that the model’s accuracy can be validated. This study will be able to use four of 
those five methods.  

1. Classification – Comparing a prediction of Obsolete to known information on whether the 
component is active or obsolete. 

2. Classification – Comparing a prediction of Active to known information on whether the 
component is active or obsolete. 

3. Regression – Comparing the model’s discontinuation date to a component’s actual 
discontinuation date on an obsolete component. 

4. Regression – Comparing the model’s discontinuation date to a component’s predicted 
discontinuation date on an active component. The accuracy of these Machine Learning 
algorithmic models can be compared to a traditional model such as Q-STAR for current EOL 
predictions. 

5. Regression – Comparing the model’s discontinuation date to a component’s predicted 
discontinuation date on an obsolete component. The accuracy of these Machine Learning 
algorithmic models cannot be compared to a traditional model such as Q-STAR for historical 
EOL predictions. Information is not available on historical predictions for an already obsolete 
component. 

Validation methods 1-3 are those most important because they compare the Machine Learning results 
to known information. Methods 4 and 5 are less important because they are comparing one prediction tool 
to another when neither may be correct.  

3. RESULTS 

The Out-of-Bag (OOB) error rate for the 50% training set was 10.87%. From the sample size of 46, 
the Random Forest classification algorithm correctly guessed 14 components as Active and 27 Obsolete. 
The algorithm incorrectly guessed 4 components at Active when they were Obsolete and incorrectly 
guessed 1 component as Obsolete when it was Active.  The Out-of-Bag (OOB) error rate for the 50% 
testing set was 10.87%. From the sample size of 46, the Random Forest classification algorithm correctly 
guessed 17 components as Active and 24 as Obsolete. The algorithm incorrectly guessed 3 components 
at Active when they were Obsolete and incorrectly guessed 2 components as Obsolete when it was Active. 
Figure 2 below depicts the testing classification confusion matrix results from R. 

 

 
Figure 2: Random Forest Testing Data Results 

The regression analysis shows that the Random Forest algorithm was able to predict an obsolescence 
date of an obsolete component on average 0.75 years after the actual discontinuation of the component. 
On average the algorithm estimated the obsolescence date of an active component 1.08 years early when 
compared to Q-STAR predictions. Q-STAR is a commercial database that helps companies with 
component life cycle management. It is important to note that actual discontinuation dates were used for 

Call:

 randomForest(formula = Status ~ ., data = train, ntree = 500,      importance = TRUE) 

               Type of random forest: classification

                     Number of trees: 500

No. of variables tried at each split: 2

        OOB estimate of  error rate: 10.87%

Confusion matrix:

         ACTIVE OBSOLETE class.error

ACTIVE       17        3  0.15000000

OBSOLETE      2       24  0.07692308
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obsolete components and Q-STAR data was used for active components. Q-STAR was used as a 
comparison tool because there is no way of knowing how well the Random Forest algorithm predicted 
the years until EOL without comparing it to another widely used software tool in industry today. Overall, 
the algorithm predicted the EOL date on average 0.08 years early which is a margin of error of less than 
1% as shown in Table 2 below.  

Table 2: Random Forest Regression Results 

Status RF Prediction 
(Years) 

Actual or 
 Q-STAR 
Prediction 
(Years)* 

Difference in 
Years 

Percentage 
Difference Over/Under 

Obsolete 13.92 13.17 0.75 5.70% OVERESTIMATED 

Active 16.92 18.00 -1.08 6.00% UNDERESTIMATED  

ALL 15.28 15.36 -0.08 0.53% UNDERESTIMATED  

*Actual discontinuation dates were used for obsolete components and Q-STAR data was used for active 
components. 

3.1. Error Rates & Feature Importance 

Figure 3 shows the fluctuation in Active, Obsolete, OOB error rates for the Random Forest algorithm 
as the number of decision trees are increased to 500. After about 200 trees, all the error rates flatten off 
indicating that 500 trees are enough for this analysis. Larger datasets may require more decision trees and 
therefore take longer for the model to run. 

 
Figure 3: Error Rates Based on Number of Decision Trees 

The Random Forest algorithm places a factor on each feature based on which attributes it determines 
to be the most important. Of the eight features selected for this study, MHz, the number of Logic Cells, 
and the number of Max Distributed RAM Bits in the FPGA chips were the top three most important 
attributes for predicting obsolescence status and EOL dates. Each feature has an associated P-value with 
MHz and Logic cells having statistically significant values of 0.02 and 0.05, respectfully. Table 3 below 
presents both the Importance Factor and P-Value for all eight features used in the model. 
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Table 3: Feature Importance and Statistical Significance 

Feature Importance 
Factor P-Value 

Slices 3.84 0.12 

Logic Cells 5.87 0.05 

Max Distributed RAM Bits 5.72 0.16 

DLL 1.46 0.12 

PLL.MMCM 1.42 0.09 

Max IO 4.34 0.15 

5V Tolerant 2.45 0.18 

MHz 15.81 0.02 

4. DISCUSSION 

The results from this small-scale case study provide some positive information regarding using 
Machine Learning as a tool for predicting obsolescence. The Random Forest classification algorithm was 
able to predict the Active vs. Obsolete status in both the training data and the test data with an OOB error 
rate of 10.87% at a 50% training size and 500 decision trees. The training set was 50% of the population 
and the test set was the remaining 50%.  

Higher training sets did result in lower OOB training error rates but did not improve testing results due 
to the small sample size. The sample size of 92 components was small, so increasing the training size too 
large leaves too few of samples in the testing set to allow for any sort of statistical significance. The reason 
why the data is split into training and testing sets to reduce the risk of model overfitting the data. The 
algorithm uses the training set to define the logic it wants to use for predictions and then uses that logic 
on the test set. The importance of this classification information it allows for the creation of an 
obsolescence risk profile for a design’s Bill of Material (BOM). A company can look at the risk profile 
for a BOM and based on their risk tolerance, they can add or remove certain components as desired. 

The Random Forest regression algorithm was able to predict the years to EOL date 0.75 years after 
the actual discontinuation of obsolete components and 1.08 years early when compared to Q-STAR 
predictions for active components. This was an error of 5.7 % and 6.0 % for active and obsolete 
components, respectively. The overall error was 0.53%.  

Although a larger sample size would reduce variance and provide more significant information, there 
are two very positive takeaways from this information. The first is with parts that have a status of Obsolete. 
A discontinuation date is known information and the algorithm was able to predict its discontinuation date 
within one year. The second is comparing the Active results with another commercially available piece 
of software called Q-STAR. The Random Forest algorithm and Q-STAR predictions were on average 
only 1.08 years apart. This provides some validity to the Machine Learning model given the fact that its 
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results were comparable to another widely used and accepted software solution in the marketplace today. 

5. CONCLUDING REMARKS 

To conclude, Diminishing Manufacturing Sources and Material Shortages is a new reality in 
manufacturing systems and supply chain environments as systems are needed to be sustained for longer 
and longer periods of time.  A greater emphasis on taking a proactive approach to the issue needs to take 
place rather than waiting for the problem to occur and then acting. A powerful proactive strategy includes 
built-in technology refresh cycles into a system that can be implemented using machine learning. A 
redesign can be implemented once a predetermined risk threshold is met. Afterwards, third party software 
or machine learning regression and classification algorithms can be used for the component selection 
process in the new design. 

Today’s best tools for forecasting obsolescence use traditional algorithms that analyze inputs using 
defined logic but are only as good as the logic provided. Machine Learning takes inputs and outputs to 
create its own logic and then uses this logic when analyzing new data. The results for this small-scale case 
study shows promising results for a larger scale experiment. The Random Forest algorithm was able to 
classify components as Active or Obsolete with an OOB error rate of 10.87% and predict actual 
obsolescence dates with less than a one-year margin of error. The next step would be to reperform this 
experiment with a larger dataset, variable training sizes, optimized feature selection, and multiple 
algorithms such as Naive Bayes and Support-Vector Machines.   

5.1. Challenges, Limitations & Future Research 

One of the main challenges for completing future research is going to be collecting large amounts of 
complete of data. It is said that we are in the Information Age as take on projects of big data analytics and 
this era is moving towards more cognitive processing with machine learning and artificial intelligence 
capabilities that rely on the large amounts of data we collect and manage (Mullins, 2017). A model will 
always only be as good as the input information that it receives. When it comes to machine learning, 
training data determines the performance of the model’s outputs. According to Hale (2018), bad quality 
data will replicate itself as it flows through machine learning systems, generating flawed information. A 
quote from Thomas C. Redman, a well-known figure in the data quality management world, states, “Poor 
data quality is enemy number one to the widespread, profitable use of machine learning” (Hale, 2018). 
To overcome the enemy of bad data, a great deal of time must be spent analyzing data integrity to help 
safeguard against inaccurate and biased results. 

Comparing component data is another challenge, but there are some online databases that can provide 
component obsolescence. Some of these databases include, but are not limited to, PartMiner, Q-Star, 
SiliconExpert, CAPS Universe and Total Parts Plus. Manufacturers also often have their component 
datasheets publicly available. It’s important for the data to be as complete as possible, but as demonstrated 
in various studies, to a certain extent, machine learning models can make their own predictions to fill in 
gaps of missing or incomplete data. 

A third challenge and possibly a limitation will be fitting the models to make them work with data 
from all types of components. Different types of components include resistors, capacitors, 
microcontrollers, integrated circuits (IC), and so on. A field programmable gate array (FPGA) is not going 
to have the same obsolescence trends as a diode. A digital IC may require different algorithm features 
than an analog IC for the predictive models to be accurate. Sometimes age can be used as a feature where 
other times primary attributes such as speed, size, logic gates, or logic cells can be used as inputs (Gao, 
Liu, & Wang, 2011). Age can be a primary driver on certain components such as an operational amplifier, 
but age does not have a strongly correlated effect on flash memory. This is an obstacle that may not be 
overcome in this research due to the complexity of having to set up different models for different types of 
components. This research will focus on proving the validity of Machine Learning algorithms for 
predicting component obsolescence using Flash Memory chips. Future research can be done to branch out 
to other types of components if this dissertation study shows promise. 
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Making sure that the historical collected data still reflects current data will be a fourth challenge. 
According to Jennings (2016), a machine learning or statistical obsolescence model in present day with 
past obsolescence data would not predict advancements and innovations in technology. This means that 
the obsolescence forecasting frameworks and all current machine learning models cannot predict 
unforeseen technological advancements, and therefore are better suited to track steady improvements in 
the electrical component industry (Jennings, 2016). This is an issue that is just the nature of the beast and 
cannot necessarily be completely erased, but it is important to be cognizant of this incidence. The main 
takeaway here is to remember that the goal is to improve upon the prediction accuracies of current models, 
of all types, and bring forward better obsolesce information to electrical design engineers than they are 
currently receiving. Nothing will ever be perfect, but everything can always be made better. 

A final limitation to this study is there currently is not a known way of comparing the accuracy of 
these Machine Learning algorithmic models to a traditional model such as Q-STAR for historical 
predictions. I do not have access to historical predictions on an already obsolete component. This does 
not mean the use of Machine Learning models for obsolescence predictions cannot be justified, as the 
case study results show promise. 

6. REFERENCES 

[1] Cai, J., Luo, J., Wang, S., & Yang, S. (2018). Feature selection in machine learning: A new perspective. 
Neurocomputing, 70-79. 

[2] Gao, C., Liu, X., & Wang, X. (2011). A Model for Predicting the Obsolescence Trend of FPGA. International 
Conference on Reliability, Maintainability and Safety Reliability, Maintainability and Safety (ICRMS), (pp. 
1-5). Guiyang. 

[3] Hale, K. (2018, April 25). What to Do When Bad Data Thwarts Machine Learning Success. Retrieved from 
Towards Data Science: https://towardsdatascience.com/what-to-do-when-bad-data-thwarts-machine-
learning-success-fb82249aae8b 

[4] Jennings, C. (2016). Forecasting Obsolescence Risk and Product Life Cycle With Machine Learning. IEEE 
TRANSACTIONS ON COMPONENTS, PACKAGING AND MANUFACTURING TECHNOLOGY, 
1428-1439. 

[5] Kaushik, S. (2016). Introduction to Feature Selection methods with an example (or how to select the right 
variables?). Retrieved July 26, 2020, from https://www.analyticsvidhya.com/blog/2016/12/introduction-to-
feature-selection-methods-with-an-example-or-how-to-select-the-right-
variables/#:~:text=Filter%20methods%20are%20generally%20used,is%20a%20subjective%20term%20her
e. 

[6] Mullins, C. S. (2017, Decemeber 1). The High Cost of Poor Data Quality. Retrieved from Database Trends 
and Applications: http://www.dbta.com/Columns/DBA-Corner/The-High-Cost-of-Poor-Data-Quality-
122101.aspx 

[7] Sandborn, P. (2011). Forecasting electronic part procurement lifetimes to enable the management of DMSMS 
obsolescence. Microelectronic Relability, 392-399. 

[8] Xilinx. (n.d.). XILINX VIRTEX-II Series FPGAs. Retrieved July 26, 2020, from 
https://www.xilinx.com/publications/matrix/virtexmatrix.pdf 

 

40


