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Product portfolio management (PPM) is a dynamic process by
which an enterprise chooses which products to develop, sell,
maintain, and remove to achieve strategic objectives, maximize
profit, and balance markets for different capabilities. Most pro-
duct portfolios involve new products only and exclude existing
products. This study proposes a product/market portfolio model
that considers both old/new products and old/new markets to
maximize overall PPM profit, determine which old products
should stay in existing markets, which new markets should be
considered, or which markets should be abandoned, and
develop new products for old markets or to introduce new
products to some new markets. This study uses machine learn-
ing and deep learning algorithms to establish prediction models
to screen the planned products and markets with a high success
rate. Mathematical programming is then used to determine
which old products should be sold in which old and new mar-
kets and which new products should be launched in which new
and old markets to maximize profit. A sensitivity analysis is used
to determine the effect of changes in the resource and the risk
threshold on profit and product/market selection.

Introduction

Enterprises must launch the right products at the right time and in the
right market to achieve sustained operation. Several products may be sold
in a market and distributed in different life cycles and several new
products may be under development or some old products may be under-
going improvement. When an enterprise reviews its product performance,
it must consider which old products should be abandoned, which old
products should be transferred to which new markets, or which old
products should be improved and then introduced to old markets. It
must also consider which old markets should be developed for which
new products, or which new markets should be developed for which
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new products, in order to maximize profits. This activity is called product
portfolio management (PPM) (Cooper and Sommer 2020; Doorasamy
2015a). Tolonen et al. (2015a) mentioned that strategic fit, value max-
imization, and portfolio balance are the key focus areas in PPM. Strategic
fit ensures that the portfolio is in line with the strategic objectives; value
maximization aims for the portfolio to have the highest commercial
potential; portfolio balance seeks to form a portfolio that covers long-
term/short-term, and high-risk/low-risk products and markets. PPM max-
imizes profit for an enterprise by selecting the best product portfolio for
a specific period of time in the future using limited resources. This is
a dynamic decision-making process, so during the period, products are
removed and added. Traditional PPM has some disadvantages (Cooper
2013): (1) it mainly focuses on new product research and development
planning; (2) it does not cover the entire life cycle of a product and (3)
financial evaluation favors projects that for which benefits can be accu-
rately predicted, so small product projects with low risk and low profit are
favored and resources are not allocated to strategic products that give
a competitive advantage. Besides, traditional PPM focuses more on the
selection of products and less on the selection of markets. A product that
is unsuitable for one market may be good for another, thus, the PPM
must consider both product and market concurrently. This study aims at
the value maximization in the PPM and applies Al algorithms to support
PPM analysis to predict the products/markets with a high success rate in
terms of non-financial factors, including the level of product innovation,
market accessibility, market size, and degree of competition.
A mathematical programming model is then used to deal with the finan-
cial factors and determine which portfolio with a high success rate has the
largest profit. The proposed approach can help solve the above mentioned
problems of the traditional PPM.

Literature Review

This section details literature on product portfolio management and product/
market matrix.

Product Portfolio Management

Enterprise uses PPM to achieve strategic objectives, maximize profit, and
balance markets for different capabilities (Tolonen, 2015a), therefore, PPM
must manage the timing and the extent of the development and launch of
all new products and the improvement and delimiting of old products
according to the business objectives and strategies of the enterprise
(Cooper 2013). During this process, the enterprise may evaluate, select
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and schedule new products at any time and old products may be
advanced, delayed, or removed (Tolonen et al. 2015b). PPM is
a dynamic strategic decision-making process that involves senior manage-
ment and involves optimizing and balancing the use of organizational
resources. Most importantly, it affects 32% of the sales revenue for an
enterprise in the next five years (Griffin 1997). This study focuses mainly
on the value maximization in PPM, and the methods for maximizing the
value of the portfolio include (1) quantitative methods, such as (i) finan-
cial models: NPV, IRR, and payback period, (ii) probability models:
Monte Carlo simulation, and decision tree, (iii) scoring method, and
(iv) analytical hierarchy process (AHP), and (2) qualitative methods,
such as (i) strategic selection, (ii) checklists, (iii) Delphi approach, (iv)
pie charts and bubble diagrams (Cooper, Edgett, and Kleinschmidt 1999).
Cooper (2013) mentioned that financial methods tend to favor small
product projects with low risk and low profit that give no competitive
advantage. On the other hand, methods that require human judgment,
such as strategic selection, scoring method, AHP, Delphi, Monte Carlo
simulation, decision tree, and bubble diagrams, can result in erroneous
decisions. Therefore, a better approach for maximizing the value of PPM
needs to be developed.

Doorasamy (2015b) summarized five models of PPM: (1) the blue oceans-
red oceans strategy, which involves leaving over-competitive markets and
seeking more product opportunities; (2) the speed to market strategy, in
which the development process for new products must bring products to
market quickly; (3) the doing the right projects right strategy, by which the
right projects are selected and executed correctly, and (4) the product
portfolio balance strategy, which states that diversified product portfolios
can reduce investment risks.

Tolonen, Harkonen, and Haapasalo (2014a) proposed a model that man-
ages both commercial and technical product portfolios throughout the life
cycle. Baptestone and Rabechini (2018) used a case study to determine the
impact of portfolio management on an enterprise’s decision-making.
Cooper, Edgett, and Kleinschmidt (2001) noted that the characteristics of
successful PPM are: (1) clear portfolio management methods and processes;
(2) a high level of familiarity with and support for these methods and
processes; (3) viewing each project from a portfolio management perspective
and (4) maintaining alignment for all ongoing and new projects. Many
researches focused on investment portfolio management (Chourmouziadis
and Prodromos 2019; Garcia et al. 2020; Garcia et al. 2019; Gonzalez-Bueno
2019; Jalota, Thakur, and Mittal 2017a, 2017b; Mehlawat et al. 2020).
Specifically, Mehlawat et al. (2020) used the multi-objective fuzzy method



APPLIED ARTIFICIAL INTELLIGENCE . €2083799-1339

to select an investment portfolio. Otten, Spruit, and Helms (2015) proposed
an algorithm that allows portfolio managers to visually classify the data-
oriented products.

Mustonen et al. (2020) indicated that the three key elements of PPM are: (1)
maximizing the overall benefits so that the product portfolio can generate
maximum profits; (2) balancing product portfolios by balancing the propor-
tion of new products, growing products, and mature products and (3) cali-
brating enterprise strategy to ensure that the product portfolio is in line with
an enterprise’s strategy.

Product Market Matrix

Traditional PPM focuses more on the products and less on the markets,
and a product that is unsuitable for one market may be actually good for
another. Therefore, products and markets must be jointly considered in
PPM when the overall profit is to be maximized. Moreover, in addition to
the product development and market development, the PPM must also
cover the entire life cycle of an existing product and an existing market to
maximize the value of a portfolio. A good tool to describe the combina-
tion of old/new products and old/new markets is a product/market
matrix, which is also known as the Ansoff matrix. It is a matrix formed
by products and markets in which products are divided into new products
and old products and markets are divided into new markets and old
markets (Dawes 2018). Ansoff proposed that business growth can only
be achieved using two strategies: by adjusting the product (abandon,
modification, development) and by adjusting the market (abandon, pene-
tration, development) (Clarissia 2019). The best combination of the two
strategies of products and markets maximizes the value of PPM, which is
the objective of this study. Figure 1 shows the Ansoftf matrix. The market
penetration strategy, which has the lowest risk, refers to selling existing
products in existing markets so the market is defended from competitors
using discounts or advertising campaigns. The market development

Old Product New Product
<]
a Market Product
§ penetration development
;7; (65%) (30%)
B3
< Market R . .
z development Diversification
] o (15%)
(% (45%)

Figure 1. Product Market Matrix.
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strategy, which has the second-lowest risk refers to selling existing pro-
ducts in a new market. Customers are unfamiliar with the product so sales
channels and publicity are required for this market and the risk is higher
than the market penetration strategy. The product development strategy,
which has the second-highest risk, refers to selling new products in
existing markets. These are existing markets but, the products and pub-
licity in the marketing portfolio are already different. Uncertainty in
customer demand and the limits of the enterprise’s innovation ability
means that the risk of the product development strategy is higher than
that of the market development strategy. The diversification strategy,
which has the highest risk, refers to selling new products in new markets.
There are unknown products and unknown markets so the outcome is the
least predictable. The different degrees of risk mean that the success rate
for each quadrant is different. The market penetration strategy has
a success rate of 65%. The market development strategy has a success
rate of 45%. The product development strategy has a success rate of 30%.
The diversification strategy has the lowest success rate, at 15% (Ward
1968).

Clarissia (2019) investigated the extent to which the Ansoff matrix is applied by
the practitioners. Yenidogan and Aksoy (2018) used the Ansoff matrix to manage
the product innovation portfolio. Wei et al. (2016) developed a fuzzy model for
screening potential products, and a fuzzy synthetic rating index was proposed to
help make the product Go-Kill decision. Kipley, Lewis, and Jeng (2012) proposed
a model combining the Ansoff matrix with performance matrices to enable the
management to evaluate the firm’s current and future performance. Yang, Ni, and
Wei (2011) proposed a model for deciding the optimal timing to launch a new
product to replace the existing one to maximize the overall profit.

Research Method

This study firstly uses Al algorithms to develop a prediction model, which is
used to predict the products/markets with a high success rate. A mathematical
programming model is then formulated to determine which portfolio with
a high success rate has the largest profit.

Artificial Intelligence Screening Products and Markets

AT algorithms including machine learning and deep learning algorithms are
used to train the product and market data sets to determine the success and
failure of products in the market.
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Table 1. Training Data Set Codes in the Product/Market Matrix.

Product (ij)
old (1)) New (2 ))

Market (mn) Old (1 n) 1 2 3 4 1 2 3 4
5 6 7 8 5 6 7 8

9 10 11 2 9 10 11 2

13 14 15 16 13 14 15 16

New (2 n) 1 2 3 4 1 2 3 4

5 6 7 8 5 6 7 8

9 10 11 2 9 10 11 2

13 14 15 16 13 14 15 16

Training Data Set

Table 1 shows the codes for the training data sets in the four quadrants of the
product/market matrix. This study uses 16 historical data elements as the
training data set for each quadrant and marks them with codes from 1 to 16.
If enterprises do not have relevant past data for the quadrant, the data can be
obtained through surveys, information of competitors, intelligence analysis
and market prediction. The historical data preserved the facts of success or
failure of the similar products in the market of the industry, therefore, it can
provide useful information for future prediction. The quadrants are abbre-
viated as OP/OM, OP/NM, NP/OM and NP/NM, where OP/OM has past data
so there is no need for AI prediction.

Model Development

The AT algorithm uses the training data sets to establish a prediction model in
terms of product innovation, access, expected profit, market size, marketing
costs and degree of competition (Gavett 2014; Jaideep 2022) for the OP/OM,
OP/NM and NP/NM quadrants, while the decision for the OP/OM can be
easily made based on current performance without the need of the Al predic-
tion model. In order to avoid the error for a single model, this study uses

Input layer

Product innovation
Access
Profit
Market size

Marketing costs

Competition

Figure 2. Neural Network Diagram.
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Table 2. Al Algorithm Models (OP/NM).

Machine learning

Deep learning

Algorithm Naive Bagyes OneR REPTree Neural network
(accuracy) (100%) (93.75%) (93.75%) (100%)
Error Kappa RMSE Kappa RMSE Kappa RMSE Kappa RMSE
1 0.0818 0.875 0.25 0.875 0.2339 1 0.0233
Class good bad good bad good bad good bad
True positive 1 1 0.889 1 0.889 1 1 1
False positive 0 0 0 0.111 0 0.111 0 0
Precision 1 1 1 0.875 1 0.875 1 1
Recall 1 1 0.889 1 0.889 1 1 1
F measure 1 1 0.941 0.933 0.941 0.933 1 1
McCC 1 1 0.882 0.882 0.882 0.882 1 1
ROC area 1 1 0.944 0.944 0.944 0.944 1 1
PRC area 1 1 0.951 0.875 0.951 0.875 1 1
Table 3. Al Algorithm Models (NP/OM).
Machine learning Deep learning
Algorithm Naive Bagyes OneR REPTree Neural network
(accuracy) (100%) (93.75%) (93.75%) (100%)
Error Kappa RMSE Kappa RMSE Kappa RMSE Kappa RMSE
1 0.0276 0.871 0.25 0.875 0.2339 1 0.0224
Class good bad good bad good bad good bad
True positive 1 1 1 0.857 0.889 1 1 1
False positive 0 0 0.143 0 1 0.111 0 0
Precision 1 1 0.9 1 1 0.875 1 1
Recall 1 1 1 0.857 0.889 1 1 1
F measure 1 1 0.947 0.923 0.941 0.933 1 1
Mcc 1 1 0.878 0.878 0.882 0.882 1 1
ROC area 1 1 0.929 0.929 0.944 0.944 1 1
PRC area 1 1 0.900 0.920 0.951 0.875 1 1
Table 4. Al Algorithm Models (NP/NM).
Machine learning Deep learning
Algorithm Naive Bagyes OneR REPTree Neural network
(accuracy) (100%) (93.75%) (87.5%) (100%)
Error Kappa RMSE Kappa RMSE Kappa RMSE Kappa RMSE
1 0.0142 0.875 0.25 0.746 0.3303 1 0.0228
Class good bad good bad good bad good bad
True positive 1 1 0.889 1 0.889 0.857 1 1
False positive 0 0 0 0.111 0.143 0.1 0 0
Precision 1 1 1 0.875 0.889 0.857 1 1
Recall 1 1 0.889 1 0.889 0.857 1 1
F measure 1 1 0.941 0.933 0.889 0.857 1 1
Mcc 1 1 0.882 0.882 0.746 0.746 1 1
ROC area 1 1 0.944 0.944 0.873 0.873 1 1
PRC area 1 1 0.951 0.875 0.853 0.797 1 1

machine learning and deep learning algorithms to establish prediction models:
Naive Bayes, OneR, REPTree and neural network. The neural network dia-
gram is depicted in Figure 2, and two hidden layers and respective 5 and 8
nodes are used because it produces higher accuracy with less errors after
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Table 5. Candidate Product/Market Codes.

Product (ij)
Old (1)) New (2 )

Market (mn) Old (1 n) 1111 1211 1311 1411 2111 2211 2311 2411
1112 1212 1312 1412 2112 2212 2312 2412

1113 1213 1313 1413 2113 2213 2313 2413

1114 1214 1314 1414 2114 2214 2314 2414

New (2 n) 1121 1221 1321 1421 2121 2221 2321 2421

1122 1222 1322 1422 2122 2222 2322 2422

1123 1223 1323 1423 2123 2223 2323 2423

1124 1224 1324 1424 2124 2224 2324 2424

Table 6. Candidate Data Sets for OP/NM.

Product Expected Market Marketing Degree of Performance
No innovation Access profit size costs competition class
1121 4 4 3 4 5 4 ?
1221 2 3 3 3 3 3 ?
1321 3 3 2 2 3 3 ?
1421 4 5 3 4 4 3 ?
1122 3 2 3 2 2 3 ?
1222 2 3 5 4 4 4 ?
1322 5 5 4 4 5 3 ?
1422 3 3 3 3 2 4 ?
1123 4 4 3 3 5 4 ?
1223 2 3 2 3 3 3 ?
1323 3 2 3 2 3 2 ?
1423 5 4 5 5 4 4 ?
1124 4 4 4 4 5 5 ?
1224 5 5 4 3 5 3 ?
1324 3 3 2 3 2 2 ?
1424 2 2 3 3 3 2 ?

Table 7. Candidate Data Sets for NP/OM.

Product Expected Market Marketing Degree of Performance
No innovation Access profit size costs competition class
2111 4 3 3 4 4 4 ?
221 2 3 3 2 3 2 ?
2311 4 5 4 3 4 4 ?
2411 3 3 3 2 3 4 ?
2112 4 5 4 4 3 4 ?
2212 2 3 3 3 3 4 ?
2312 5 3 4 4 5 3 ?
2412 5 3 4 4 3 5 ?
2113 4 4 4 3 3 5 ?
2213 3 2 3 2 2 4 ?
2313 3 3 4 3 3 4 ?
2413 5 4 5 4 3 3 ?
2114 5 4 4 4 3 5 ?
2214 4 5 4 3 3 3 ?
2314 3 2 3 2 3 3 ?
2414 2 3 2 3 4 2 ?

experiments. The prediction results using Weka are summarized in Tables 2-4,
where the neural network model produces the least error in OP/NM and NP/
OM, while Naive Bayes model produces the least error in NP/NM.
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Table 8. Candidate Data Sets for NP/NM.

Product Expected Market Marketing Degree of Performance
No innovation Access profit size costs competition class
2121 3 3 4 2 3 3 ?
2221 4 4 3 4 5 3 ?
2321 4 3 2 3 3 4 ?
2421 3 2 3 3 4 2 ?
2122 3 5 3 4 3 2 ?
2222 3 3 3 2 2 3 ?
2322 4 3 4 4 4 3 ?
2422 4 5 4 4 5 3 ?
2123 3 4 3 3 2 4 ?
2223 3 4 3 2 4 3 ?
2323 2 3 2 3 3 3 ?
2423 5 3 4 4 3 3 ?
2124 3 3 3 2 3 3 ?
2224 4 3 5 4 3 3 ?
2324 5 3 4 3 3 4 ?
2424 3 2 2 3 2 4 ?

Table 9. Prediction Results for the Al Algorithms (OP/NM).

Machine learning Deep learning
Neural network
Naive Bayes (100%) OneR (93.75%) REPTree (93.75%) (100%)

Product/market Forecast ~ Prob. Forecast Prob. Forecast Prob.  Forecast  Prob.  Majority class
1121 good 0.999 good 1 good 1 good 0.965  good
1221 bad 0.912 bad 1 bad 0.875 bad 0.736 bad
1321 bad 1 bad 1 bad 0.875 bad 0976  bad
1421 good 1 good 1 good 1 good 0.995  good
1122 bad 1 bad 1 bad 0.875 bad 0.972 bad
1222 good 1 bad 1 bad 0.875 good 0.996  bad
1322 good 1 good 1 good 1 good 0.997 good
1422 bad 0.987 bad 1 bad 0.875 bad 0.812 bad
1123 good 0.981 good 1 good 1 good 0.839  good
1223 bad 0.998 bad 1 bad 0.875 bad 0.970 bad
1323 bad 0.999 bad 1 bad 0.875 bad 0970  bad
1423 good 1 good 1 good 1 good 0.997  good
1124 good 1 good 1 good 1 good 0.995  good
1224 good 1 good 1 good 1 good 0.997  good
1324 bad 0.997 bad 1 bad 0.875 bad 0.966  bad
1424 bad 0.993 bad 1 bad 0.875 bad 0.953 bad

Predicting and Screening Product Markets

After developing the training models using Al algorithms, they are used to
predict the success or failure of the candidate product/market in quadrants
OP/NM, NP/OM and NP/NM as shown in Table 5 and Tables 6-8.

Tables 9-11 show the prediction results for the AT algorithms for OP/NM,
NP/OM and NP/NM. The majority rule is applied to select the products/
markets that are most likely to succeed.

The product/market matrix in Table 12 uses the results of Al algorithms. The
gray squares in quadrants 1, 3 and 4 represent products and markets that are most
likely to succeed, as selected by Al algorithms. For OP/OM quadrant, the enter-
prise decides to keep all products and markets with higher profits as shown in
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Table 10. Prediction Results for the Al Algorithms (NP/OM).

Machine learning Deep learning
Neural network
Naive Bayes (100%) OneR (93.75%) REPTree (93.75%) (100%)

Product/market Forecast  Prob. Forecast Prob. Forecast Prob.  Forecast  Prob.  Majority class
2111 good 0.798 good 1 bad 0.875 good 0.962  good
2211 bad 1 bad 1 bad 0.875 bad 0.976 bad
2311 good 1 good 1 good 1 good 0.988  good
2411 bad 1 bad 1 bad 0.875 bad 0.971 bad
2112 good 1 good 1 good 1 good 0.994  good
2212 bad 1 bad 1 bad 0.875 bad 0.968 bad
2312 good 1 good 1 bad 0.875 good 0.993  good
2412 good 1 good 1 bad 0.875 good 0.994  good
2113 good 0.994 good 1 good 1 good 0.983  good
2213 bad 1 bad 1 bad 0.875 bad 0.974 bad
2313 bad 0.962 bad 1 bad 0.875 good 0.616  bad
2413 good 1 good 1 good 1 good 0.995  good
2114 good 1 good 1 good 1 good 0.994  good
2214 good 1 good 1 good 1 good 0.987  good
2314 bad 1 bad 1 bad 0.875 bad 0.975  bad
2414 bad 1 bad 1 bad 0.875 bad 0.976 bad

Table 11. Prediction Results for the Al Algorithms (NP/NM).

Machine learning Deep learning
Naive Bayes (100%) OneR (93.75%) REPTree (87.5%) Neural network (100%)
Product/market Forecast ~ Prob. Forecast Prob. Forecast Prob.  Forecast Prob. Majorityclass
2121 bad 0.975 good 1 bad 0.857 bad 0.972 bad

2221 good 1 bad 1 good 0.889 good 0.991 good
2321 bad 0.996 bad 1 good 0.889 bad 0.941 bad
2421 bad 0.983 bad 1 bad 0.857 bad 0.970 bad
2122 good 1 bad 1 bad 0.857 good 0.543 bad
2222 bad 1 bad 1 bad 0.857 bad 0.977 bad
2322 good 1 good 1 good 0.889 good 0.995 good
2422 good 1 good 1  good 0.889 good 0.996 good
2123 bad 0.789 bad 1 bad 0.857 bad 0.962 bad
2223 bad 0.988 bad 1 bad 0.857 bad 0.976 bad
2323 bad 1 bad 1 bad 0.857 bad 0.978 bad
2423 good 1 good 1 good 0.889 good 0.996 good
2124 bad 1 bad 1 bad 0.857 bad 0.977 bad
2224 good 1 good 1 good 0.889 good 0.996 good
2324 good 1 good 1 good 0.889 good 0.995 good
2424 bad 1 bad 1 bad 0.857 bad 0.977 bad

Table 12. Product/Market with a High Success Rate.

Product (ij)
old (1)) New (2 ))

Market (mn) Old (1 n) mnm 1211 1311 1411 21 221 2311 241
1112 1212 1312 1412 2112 2212 2312 2412

1113 1213 1313 1413 2113 2213 2313 2413

1114 1214 1314 1414 2114 2214 2314 2414

New (2 n) 1121 1221 1321 1421 2121 2221 2321 241

1122 1222 1322 1422 2122 2222 2322 2422

1123 1223 1323 1423 2123 2223 2323 2423

1124 1224 1324 1424 2124 2224 2324 2424
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gray. Because the resources of enterprises are limited, marketing products in all
these gray squares may be too resource-intensive or too risky so the next section
details how to select the best product/market portfolio to maximize profits.

Optimization of the Product Portfolio Using Mathematical Programming

If enterprises can measure the potential costs, expected profits and possible
risks for all candidate products in all candidate markets, then using the
practical experience of the industry, the risk is lowest for OP/OM, the risk
is second lowest for OP/NM, the risk is third lowest for NP/OM and the risk is
highest for NP/NM. If the risk for OP/OM is 1, then the risk for OP/NM is
twice this value, the risk for NP/OM will four times this value and the risk for
NP/NM is sixteen times this value (Ward 1968). If the cost and profit are also
proportional to the degree of risk, then the optimal portfolio for all products in
all markets can be expressed as a mathematical programming model, which is
shown in Equation (1), where p is the profit, c is the cost, r is the risk, B is total
budget and R is the risk threshold:

I1 J] M N
Max Z Z 2 leijmnpijmn (1)
N
S.T. Z Z Z XijmnCijmn > <B

T 1 selected
M1 0 otherwise

Table 13 shows the estimated cost, profit and degree of risk for product
competition in the market.

By substituting the data in Table 13 into Equation (1) and assuming a total
budget of 800 and the risk tolerance of 560, the mathematical programming
model in Equation (2) is obtained:

Max (21 % x1111 + 15 % x1211 + 14 % x1311 + 13 % x1411) + (14 % X112 + 11 % x1012 + 7 * X131+
9% x1412) + (8 % X1113 + 9 * x1213 + 10 % X1313 + 13 * X1413) + (9 * x1114 + 10 % X1214+

9 % X1314 + 14 % X1414) + (30 % x1121 + 40 * X1401) + (35 % x1322) + (34 % X123 + 40 * X1403)+
(45 * x1124 + 40 * x1204) + (53 % x2111 + 65 * X311 + 75 * X2112 + 82 * Xp312 + 78 * X2412)

+ (80 * x2113 + 69 * Xp413 + 73 * X2114 + 88 * Xp214)+

(168 * x2201 + 198 * X232 + 230 * x2420 + 230 * X423 + 250 * X2324)

2
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S.T.
(10 % 1111 + 9 % X211 + 7 % X1311 + 8 # X1411) + (6 % X112 + 5 % X1212 + 4 * X1312
+ 3 x1412) + (5% X113 + 4 % X1213 + 3 % X1313 + 6 % X1413) + (4 % Xq114 + 6 * X1214
+ 6% X1314 + 5% X1414) + (18 % X1121 + 19 * x1421) + (21 % x1322)
+ (19 * X1123 + 25 * X1423) + (26 * X1124 + 23 * X1224)
+ (38 * X111 + 42 * X311 + 41 * X112 + 45 % X312 + 41 * xz412)
+ (36 % 3113 + 38 * X413 + 40 * X114 + 45 * X2214)
+ (90 * x2021 + 102 * X230 + 110 * X2420 + 98 * X223 + 120 * X2374) < 800
(2% x1111 +4 % X211 + 3 * X1311 + 5% X1411) + (3 * x1112 + 2 * X212 + 4 * X312
+ 3% X1412) + (2 % X113 + 3% X1213 + 4 % X1313 + 4+ X1413)
+ (3% X114 + 5% X1214 + 4 % X314 + 5% X1414) + (8 % x1121 + 10 * X1421)
+ (11 % x1302) 4+ (12 % x7123 + 9 * x1423) + (15 % X1124 + 15 % X1204)
+ (16 % x2111 + 15 % 2311 + 19 % X212 + 26 * X2312 + 30 * X2412)
+ (28 * x2113 + 32 * X413 + 31 * X114 + 34 * X2214)
+ (40 * x2001 + 52 * X2320 + 49 * X422 + 52 * X2423 + 60 * x2324) < 560

M 1 selected iiomon
imn =\ 0 otherwise’ 7

Lingo is used to solve Equation (2) to give a maximum profit of 1631. To
achieve this maximum profit, enterprises must choose 1111, 1311, 1112, 1212
and 1413 in OP/OM, 1421 and 1123 in OP/NM, 2112, 2412 and 2113 in NP/
OM and 2221, 2322, 2422, 2423 and 2324 in NP/NM. The details are shown in
the bold boxes in Table 14.

Sensitivity Analysis

To determine which products and markets enterprises should choose to
compete in order to maximize profits under different budgets and risk toler-
ance, this section divides budget and risk tolerance into three levels: high,
medium and low. The respective budgets are 1000, 800 and 600 and the
respective risk tolerance is 600, 400 and 200. Paired simulation is used to
determine the effect of different portfolios on product and market decisions.
The results of the sensitivity analysis are shown in Figure 3.

Table 15 shows the selected products and markets for various portfolios for
the overall budget and risk tolerance.

For OP/OM, if the fixed total risk is 600, the selected products/markets
are reduced from nine with a budget of 1000 to six with a budget of 800. If
the budget is reduced to 600, the number is reduced to five. However, if the
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(c) 1000/200

-

() 800/200

-

(i) 600/200

(a) 1000/600 (b) 1000/400

(d) 800/600 (e) 800/400

-

M M MM Pt

(2) 600/600 (h) 600/400

Figure 3. Sensitivity Analysis Results. (a) 1000/600 (b) 1000/400 (c) 1000/200 (d) 800/600 (e) 800/
400 (f) 800/200 (g) 600/600 (h) 600/400 (i) 600/200

Table 15. Products and Markets of the Budget and Risk Portfolio.

Budget Risk OP/OM OP/NM NP/OM NP/NM Profit
1000 600 1111, 1211, 1311, 1121,1421, 1322, 1423, 2112, 2312, 2412, 2221, 2322, 2422, 1977
1411, 1112, 1212, 1124, 1224 2113, 2413, 2114, 2423, 2324
1413, 1214, 1414 2214
400 1111, 1211, 13171, 1121, 1421, 1322, 2111, 2311, 2112, 2221, 2322, 2422, 1629
1112, 1212, 1413 1423, 1124 2312 2423, 2324
200 1111, 1112, 1212 1121, 1423 2311 2422, 2423,2324 891
800 600 1111, 1311, 1112, 1421, 1123 2112, 2412, 2113, 2221, 2322, 2422, 1631
1212, 1413, 1414 2114, 2214 2423, 2324
400 1111, 1211, 13171, 1121, 1421, 1423 2311, 2112, 2113 2221, 2322, 2422, 1601
1112, 1212, 1413, 2423, 2324
1214, 1414
200 1311, 1112, 1212 1121, 1423 2311 2422, 2423,2324 891
600 600 1311, 1112, 1212, 1421 2412, 2113, 2214 2322, 2422, 2423, 1260
1413, 1414 2324
400 1311, 1212, 1413, 1421 2412, 2113, 2214 2322, 2422, 2423, 1260
1414 2324
200 1111, 1311, 1212 1121, 1423 2311 2422, 2423, 2324 891
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risk is controlled at 400, six are selected for a budget of 1000, eight are
selected for a budget of 800 and four are selected for a budget of 600. If the
risk tolerance is reduced to 200, only three are selected, regardless of the
budget.

For OP/NM, for a fixed total risk of 600, the selected products/markets are
reduced from five with a budget of 1000 to two with a budget of 800. If the
budget is reduced to 600, only one is selected. However, if the risk is controlled
at 400, five are selected for a budget of 1000, three are selected for a budget of
800 and only one is selected for a budget of 600. If the risk tolerance is reduced
to 200, only two are selected, regardless of the budget.

For NP/OM, if the fixed total risk is 600 again, the selected products/
markets are reduced from seven with a budget of 1000 to five with a budget
of 800. If the budget is reduced to 600, only three are selected. If the risk is
controlled at 400, four are selected for a budget of 1000, three are selected for
a budget of 800 and 600. If the risk tolerance is reduced to 200, only one is
selected, regardless of the budget.

For NP/NM, if the fixed total risk is 600, the selected products/markets
are five with a budget of 1000 and 800. If the budget is reduced to 600,
four are selected. If the risk is controlled at 400, five are selected for
a budget of 1000 and 800 and four are selected for a budget of 600. If
the risk tolerance is reduced to 200, only three are selected, regardless of
the budget.

Table 15 shows that for the same budget limit, the lower the risk tolerance,
the more cautious is the enterprise, so fewer products/markets are selected.
This phenomenon occurs for all four types of products and market areas.
Similarly, for specific risk tolerance, the higher the budget, the greater the
number of products and markets that are selected, which is expected. These
results are seen by comparison in the vertical direction of Table 15. If com-
pared horizontally, for a budget of 1000, 800, or 600, for a fixed risk value,
more products/markets are selected for OP/OM than for OP/NM, which
supports the general perception that the risk is least for marketing old pro-
ducts in old markets.

This phenomenon is also seen when comparing OP/OM with NP/OM. The
selected product markets show that most of the old products and new products
do not overlap in the key markets, so this model abandons old products with
no profit and markets new products in the old market to increase overall profit
for the enterprise. A comparison of OP/NM and NP/NM also shows that most
of the products/markets do not overlap, so products do not compete with each
other in the same new market.

A comparison of profits for the product/market portfolio shows that the
highest profit is 1977 for a budget of 1000 and a risk of 800, the second-highest
profit is 1631 for a budget of 800 and a risk of 600 and the third-highest profit
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is 1629 for a budget of 1000 and a risk of 400. A comparison of budget and
profit shows that the greater the budget, the greater the profit because there are
more products/markets from which to choose.

For the same budget, the greater the risk tolerance, the greater the profit,
which also agrees with the general perception of profit and risk. For the lowest
risk tolerance (200), regardless of budget is, the profit is lowest at 891 because
many options with high risk and high profit are rejected so there is a limited
profit margin.

Discussions

The current PPM emphasizes the selection of new products and modification
or abandon of old products in a portfolio for profit maximization. The
problems with this view is that products are highly correlated with the
markets; an unwelcome product in one market may just be a popular product
in another. Therefore, the PPM analysis must consider products and markets
simultaneously if value maximization of the PPM is to be expected. The
contribution of this study is to extend the product portfolio to the product/
market portfolio, and uses Ansoff matrix to plan the abandon, the modifica-
tion, and the development of old/new products, and the abandon, the pene-
tration, and the development of old/new markets. The machine learning and
deep learning algorithms are used to screen the products/markets with a high
success rate, and the mathematical programming model is finally used to form
a portfolio with maximum profit. The two-stage approach proposed can assist
management to avoid the mistake of choosing products with low risk and low
profit using pure financial methods, and making erroneous selection decisions
using subjective judgmental methods. Most importantly, a profit-maximizing
product/market portfolio with a high success rate and formed by a scientific
method is surely better than a product portfolio without considering the
success rate and compatible markets and formed by human judgment.
Lastly, the management can learn from this study that the product portfolio
must be replaced by the product/market portfolio if the overall profit is to be
truly maximized.

Conclusion

Traditionally, most enterprises focused PPM on the development of new
products to meet the strategic objectives. Latterly, it was recognized that
PPM must cover the entire life cycle of the products. This study proposes
that maximizing the value of a PPM must not only consider the new and old
products, but also the new and old markets. Therefore, the maximization of
the PPM value becomes the decision of determining which old products
should stay in existing markets, which new markets should be considered, or
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which markets should be abandoned, and develop new products for old
markets or introduce new products to some new markets. To deal with this
issue, this study uses machine learning and deep learning algorithms to
determine the market decisions for old products and market planning for
new products and then uses mathematical programming models to determine
the product/market portfolio that generates the greatest profit. A sensitivity
analysis of resource limitations and risk level is then performed to compare the
effect of changes in resource and risk on the overall profit. The results show
that a model that uses Al algorithms and mathematical programming allows
enterprises to concurrently determine the products and markets that generate
maximum profits. The contribution of this study is extending the concept of
product portfolio to product/market portfolio, and proposing an approach to
maximize the value of the product/market portfolio. The quality and number
of historical product/market data can affect the accuracy of the outcomes,
besides, the items used to evaluate the product, i.e., product innovation,
market accessibility, expected profit, market size, market cost, and market
competition, may not be applicable to all products and industries. Future
research can be to use other machine learning algorithms and apply multi-
objective mathematical programming models.
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