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Abstract: This is an analytical, descriptive, and cross-sectional case study to identify a pharmaceutical
company’s organizational life cycle (OLC) situation using clustering methods. Data came from Iran’s
pharmaceutical firms in 2001–2018. We used sales growth, dividend per ratio, and performance
indicators, including the return on assets, return on equity, Qtubin, and net profit of 342 firm-years to
identify the OLC situation of pharmaceutical companies. We used principal component analysis and
cluster analysis to define the company’s OLC situation. Results show that 41.39% of the firm-years
was in the growth stage, 34.14% in the maturity stage, and 17.22% in the decline stage. There was no
significant difference between the average age in the three pharmaceutical companies’ clusters. Study
findings may guide policymakers towards more evidence-informed planning, and generic producers
by providing more insights about their situation from an organizational life cycle perspective, giving
them proper strategies to overcome accompanying challenges in pharmaceutical firms in Iran and
countries with similar situations.

Keywords: pharmaceuticals; clustering methods; organizational life cycle; open innovation

1. Introduction

On the basis of the organizational life cycle (OLC), firms, like any living entity, are
born, grow, and eventually die [1]. Any firm develops through a predictable trend, specified
by progressive stages [2]. One of the most critical OLC theory applications is defining
managerial strategies and policies during the life cycle. OLC theory helps managers in
changing inappropriate and ineffective strategies on the basis of a company’s current
situation. The OLC suggests appropriate strategies to move the OLC to the next stage.
There are various approaches to analyzing life cycle stages [3–5], and the most common
approach uses four stages: introduction, growth, maturity, and decline [1]. There is no
agreement about the precise amount of time that firms should spend to reach a particular
development stage. However, each stage brings together a unique organizational structure,
activities, systems, and leadership [6]. Table 1 shows the essential characteristics of the
OLC stages.
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Table 1. Special characteristics of the OLC stages based on the published literature.

OLC Stages Special Characteristics Firm Strategies

Introduction stage(existence)

• Stage of corporate formation.
• Small company size.
• Limited cash flow and profitability.
• Low dividends per share.
• Weak investment returns compared to the financing rate [7].

• Focus on living.
• One or a few managers decide for the organi-

zation [7].

Growth stage(survival)
• Development of corporate sales and income.
• Increase in dividends per share.
• Return on investment usually covers financial costs [1].

Maturity stage(success)

• Sustained sales
• Need for cash through the company’s internal resources.

Return on investment is equal to or greater than the financing rate.

• Lower commercial risk for persons compared to the previous
stages [1].

• Top managers focus on planning and strategy.
• Daily operation delegates to middle man-

agers [1,7].

Decline stage(end of life)

• Increase in business risk
• Decrease in liquidity and profitability
• Less ROA compared to the cost of financing
• Decreased sales, technology replacements, or even outdated

products [1,7]

• Decision making tends to be by a handful of
people [1,7].

Although the OLC stages are presented as a series of phases, these stages should not
be considered sequential levels over time, because the organizations may have several
revival phases throughout their life cycle [8]. However, the hierarchical progression of
OLC stages is not easily possible, and requires many company activities and organizing [9].
Overall, thinking about firms and their development is moved away from the linear growth
trajectory to a multidimensional firm situation, where crises can appear at different points
of organizational development. Growth and survival in a competitive environment bring
proportional crises to the firm’s size and complexity that managers should be able to
face [10]. Regardless of how the various stages of the organization’s life cycle progress,
using the firm life cycle theory can predict which solutions and management practices are
the best for the corporation to improve itself and company performance [9]. The problem
is that identifying the situation of firms from the organizational life cycle perspective is
not easily possible, and requires considering many of the companies’ financial indicators
and interpreting financial statements [11]. This study identified the OLC situation of
20 large pharmaceutical companies in Iran on the basis of their most critical financial
indicators over 18 years with a comprehensive new approach. Pharmaceutical firms are an
important sector of the healthcare system in any country and are directly related to public
health [12]. Recognizing the strengths and weaknesses of these firms provides opportunities
to challenge this growing industry and pave the way for fundamental changes [13]. The
Iranian pharmaceutical market has grown significantly and rapidly compared to those in
developing countries [14]; with an average age of 50 years old [15], it is not far-fetched that
they are in the final stages of their life cycle. Sharing their success with countries in similar
situations may help them in improving their performance.

The paper is organized as follows. Section 2 discusses the literature on organizational
life cycle theory and models, and then provides a background about the method that we
used in this study. Section 3 details our data and the analytical method. In Section 4, we
present the study results. We discuss the findings in Section 5. Lastly, the conclusion and
study limitations are reported in Sections 6 and 7, respectively.

2. Background and Related Studies

The employment of the organizational life cycle goes back to several decades ago,
when researchers accepted a biological life for the companies; since then, several models
have been developed to identify each OLC stage with specific characteristics [4,7,16]. One
of the OLC models with high acceptance among previous studies is the Anthony–Ramesh
model [17]. In 1992, Anthony and Ramesh developed a model to examine the relationship
between financial performance measures and stock value on the basis of organizational
life cycle theory. Their study investigated the stock market’s response to two sales growth
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variables and investment costs at each stage of the organizational life cycle. The dividend-
per-share ratio identifies an organization’s position at each stage of the organizational life
cycle; then, researchers determined the factors that affected the corporate market value.
They showed that the rate of sales growth and investment costs decreased uniformly from
the growth stage to the decline stage [4]. Researchers used this model to identify the OLC
stages for companies [1,18]; for example, Havener (2001) expressed that the organizational
life cycle comprised three main phases: formative, normative, and degenerative. During
that cycle, organizational performance increases through the formative phase, becomes
stable in the normative phase, and lastly declines in the degenerative phase [16]. According
to Santana et al. (2017), organizational decline is the decrease in firm resources that, if not
prevented, leads to the company vanishing. The authors also suggested that recognizing
the decline phase is unclear, and requires financial indices such as ROA and ROE [11].
Therefore, companies may use performance measurements to determine the company’s
achievable goals. The most well-known measures are profitability and Tobin’s index:

Profitability shows that management, investment, and financing decisions are per-
formed well. Profitability ratios such as return on assets, return on equity, net profit, and
dividend payout ratio can measure the effectiveness of a company’s management in sales
profits, total assets, and, most importantly, shareholder investment [19].

Tobin’s q index is another indicator that compares the firm’s past performance and the
future expectations of the firm’s success using three elements: equity market value, the
book value of liabilities, and equity book value.

Using firm life cycle theory can predict which management practices are best for the
corporation to improve company performance. For example, in the introduction stage,
the firm needs more innovation and dynamic management to encounter more stable
competitors. At this stage, significant fixed-asset investment should be avoided until
internal resources are increased to support this investment. On the basis of OLC theory,
each stage has its specific characteristics that are different from other stages [6].

One of the techniques for seeking groups with similar specifications is the clustering
method [20]. Clustering can give researchers more insight into data distribution and
outlier detection, and has various applications in many fields such as marketing research,
data analysis, biology, and pattern recognition [21]. Some researchers have adopted this
approach to categorize companies on the basis of the life cycle stage and their specific
characteristics, and to recognize the number of appropriate OLC stages [22]. This section
focuses on clustering, namely, the method that we used for this study.

2.1. Clustering Methods

One often employed technique in the management field to identify firms with specific
characteristics is the clustering method. This a well-known widely used method; for
example, Wang and Lee (2008) used a clustering method to identify four aspects of shipping
companies’ financial performance: solvency, profitability, and asset and debt turnover
indicators [23]. Momeni and Soofi (2015) used the K-means method (a popular clustering
method) to classify three industries’ types (cement, metal and automotive, and parts
industries) on the basis of performance ratios [24].

Numerous clustering methods, including cluster analysis, discriminant analysis, factor
analysis, principal component analysis, grey relational analysis, and K-means have been
used for a long time. Some of these methods, such as cluster analysis and principal
component analysis, can be helpful even for large samples or long-term data, and are very
applicable in classical statistical subjects [23]. In some OLC studies, such as Hanks et al.
(1993), Gupta and Chin (1994), and Matthew W. et al. (2003) [25], and in newer studies such
as Li and Chen (2007) [26], and Xu et al. (2009), clustering methods were used to classify
companies on the basis of strategic factors [26]. Lester et al. (2003) adopted a clustering
method to identify competitive advantages and performance through OLC stages from the
managers’ perspectives about their firms’ position. The study, designed on the basis of a
questionnaire, helped in making managerial decisions in each OLC stage [7]. In the current
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study, we used two clustering methods, namely, cluster analysis and principal component
analysis, to rank the pharmaceutical companies on the basis of their OLC situation. In the
next section, we briefly describe these two techniques.

2.2. Principal Component Analysis (PCA)

This is a mathematical tool designed to demonstrate diversity in a dataset using a
small number of factors [27]. Every PC is one linear combination of the primary responses
(which retain some correlation between) and orthogonal PCs. PCs repeatedly calculate
variety as much as possible from the original dataset, in which PC1 explains data changes
more than PC2 can, and PC2 also explains more data diversity than PC3 does. That is why
few PCs can explain the change in a large number of replies. The Kaiser criterion explains
that eigenvalues above 1 are considered to be significant in PCA, and are used to define a
significant number of PCs as a possible method to determine the number of PCs [28]. PCA
is a technique helping to reduce data dimensions and complexity; it can use unfolding-
cluster structures and extract them from complex data [29]. The previous literature showed
that using PCA before CA can improve cluster structures’ quality compared to the original
data due to dimensional reduction [30,31].

2.3. Cluster Analysis (CA)

This is a handy classification method used in many fields, including management
and marketing for positioning, strategy formulation, market segmentation, and business
system planning [26]. This method splits data into sections or clusters of files that have
similar patterns of input fields. As they are only interested in inputs and have no output
fields, segmentation models do not include any target or outcome. Examples of clustering
models are Kohonen networks, K-means clustering, two-stage clustering, and anomaly
detection. Cluster models help in cases where the specific result is unknown, and they
focus on identifying groups with similar records and on placing them in the same groups,
a potential benefit when there is no prior knowledge about the predefined output for
predictions by the model [32].

3. Materials and Methods

After data gathering from 2001–2018, we performed multistep analysis to identify the
firms’ situation from an organizational life cycle perspective. We report the study method
in detail below.

3.1. Data Collection

The current study is an analytical, descriptive, and cross-sectional case study of the
pharmaceutical firms between 2001–2018 in Iran. We adopted the applicable Anthony–
Ramesh’ method in determining the organizational life cycle using financial performance
indicators. In this study, PCA and CA were used to detect generic pharmaceutical firms’
organizational life cycles in Iran. For this purpose, financial variables were calculated
for 18 years. We limited the study to pharmaceutical companies listed on the Tehran
Stock Exchange because of their financial transparency and annual publication of audited
financial statements; firms that had financial information for fewer than six years were
excluded.

Financial information was not completed for four companies because they joined the
Tehran Stock Exchange Organization after 2001. So, prior that these years, their information
was not published, and the total variables for 342 firm-years were calculated. Of 342 firm-
years, 11 were excluded due to outlier amounts, and 331 firm-years were lastly entered into
subsequent analytical stages.

We included annual sales growth (SG), dividend payout ratio (DPR), the age of the
organization (as a control variable), and Qtubin, net profit (NP), return on assets (ROA), and
return on equity (ROE) as financial performance indicators to identify the organizational
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life cycle. We considered each company’s age as a control variable to monitor its effect on
the other studied variables.

According to life cycle theory, every stage of an organization’s life cycle is specified
by financial characteristics. Firms, for example, show more sales growth in the first phase
of their organizational life cycle. These companies invest large amounts of equipment
and land while having a lower dividend payout ratio [4]. In the maturity stage, the firms
experience stable sales, and the dividend payout ratio is usually more than that of the
growth phase. Lastly, in the decline stage, sales growth decreases, and the firms increase
the DPR to signal to the market that profitability has improved [1,33].

The firm’s performance also increases through the growth and maturity stages, and
decreases in the end of the maturity stage and in the decline stage [16]. On the basis of
the previous literature, the studied variables had different amounts in each OLC stage, as
shown in Table 2. These qualitative values are related to each firm-year, measured relative
to each other in this study.

Table 2. Supposed variable amounts in each stage of OLC.

Variable/Stage of PLC Growth Maturity Decline

SG High Medium Low

DPR Low Medium High [4]

Financial performance Low High Low [16]

3.2. Statistical Analyses

The steps performed in this study are presented below:

(1) Calculating variables

The SG, DPR, ROA, ROE, Qtubin, NP, and age of the organization for each firm-year
of the companies in the study population were calculated on the basis of the following
formulas [1]. For this purpose, financial statement information for 18 years was gathered
for each company. Then, each of the variables was calculated on the basis of the following
formula [1,34,35]:

SGt1 = 1− (St1 − St0)× 100 (1)

DPR = (DPS/EPS)× 100 (2)

where DPS = dividends per share, and EPS = earnings per share.

Tobin′s q = (Equity market value + Book value o f liabilities) / Equity book value (3)

Market value = Stock Price× Shares Outstanding (4)

ROA = Net pro f it a f ter tax / Total assets (5)

ROE = Net pro f it a f ter taxes /Total shareholders′ equity (ROA− 1) (6)

Tobin′s q = (Equity market value + Book value o f liabilities) / Equity book value (7)

(2) Principal component analysis

An essential step before using more statistical analyses on data is normalization, which
leads to the normal distributions of data and the comparability of inputs with different
scales. The SPSS modeler has this option that provides an output of the transformed data to
select the form closest to normal distribution [32]. So, in this study, before any analysis, we
transformed non-normal inputs and chose the forms with a normal distribution. Then, for
dimensional reduction and to improve the clustering method’s quality, all of the mentioned
variables were analyzed with the PCA method. In other words, this analysis allows for the
variables to be transformed into lower numbers of factors in which their counterparts are
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combined and build pithy indices. This leads to more accessible and accurate analysis for
clustering the firms.

(3) Cluster analysis

After PCA, the developed variables are analyzed by the autocluster option pro-
posed by IBM SPSS modeler 18.0, and the best method for clustering was chosen for the
classification of the pharmaceutical firms on the basis of fitness indices. In this stage,
considering the indices’ similarity in firm-years, we classified them into the most accurate
and conforming groups.

4. Results
4.1. Descriptive Statistic

Compared to developing countries, the Iranian pharmaceutical market has grown
significantly, and domestic firms produce 95% of medicines in Iran [36,37]. The Iranian
pharmaceutical market was worth USD 4.5 billion in 2018 (domestic and imported drugs),
of which USD 3.15 billion belong to domestic companies [38]. This study included
20 pharmaceutical companies that annually publish their financial statements in the Codal
website [39]. These companies constitute a large portion of Iran’s pharmaceutical firms;
their total market share is 35% of the total pharmaceutical revenue [38].

We calculated each variable for each firm on the basis of the formula in the above
section, and normalized them with SPSS modeler 18.0 software. The descriptive statistics
and normalized forms of each variable are presented in Table 3. The normal form of the
variables is the most matched formation with Gaussian distribution. Table 3 shows that, for
the sales growth and Qtubin variables, the log10 of the variables was the closest form to
normal distribution, and other variables had proper normal distribution on their own.

Table 3. Descriptive statistics and normalized forms of each variable (SG, sales growth; DPR, dividend
per ratio; ROA, return on assets; ROE, return on equity; NP, net profit; St. Dev, standard deviation).

Variable N Mean St. Dev. Minimum Maximum Range Normal Form

SG 331 0.55 0.21 −0.49 1.91 2.40 SG-log10
DPR 331 0.64 0.38 0.00 3.70 3.70 DPR
Age 331 43.56 13.71 9.00 73.00 64.00 Age

Qtubin 331 1.23 0.81 0.14 7.34 7.20 Qtubin-log10
ROA 331 0.19 0.12 0.00 0.89 0.89 ROA
ROE 331 0.49 0.24 0.01 1.50 1.49 ROE-log10
NP 331 0.25 0.17 0.01 2.00 1.99 NP

Source: authors’ calculation using Iran’s pharmaceutical firms in 2001–2018.

4.2. PCA Analysis Results

We performed PCA for the calculated standard variables. For PCA, the maximal num-
ber of extract factors was set to be 2, and with this configuration, the two first PCs explained
61.09% of the eigenvalue variance. ROA, NP, Qtubin-log, and ROE-log10 constituted PC1
and DPR, and SG constituted PC2 (Tables 4 and 5).
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Table 4. Total variance explained by developed PCs in PCA.

Total Explained Variance

Initial Eigenvalues Extraction Sums of Squared Loadings

Component Total % of Variance Cumulative % Total % of Variance Cumulative %

1 2.283 38.048 38.048 2.283 38.048 38.048

2 1.378 22.971 61.019 1.378 22.971 61.019

3 0.902 15.034 76.053

4 0.696 11.592 87.646

5 0.460 7.668 95.314

6 0.281 4.686 100.000

Source: authors’ calculation using Iran’s pharmaceutical firms in 2001–2018.

Table 5. Component matrix developed by PCA (SG, sales growth; DPR, dividend per ratio; ROA,
return on assets; ROE, return on equity, NP, net profit; St. Dev, standard deviation).

Component 1 2

DPR - −0.820
ROA 0.829 -
NP 0.822 -

SG_Log10 - 0.807
Qtubin_Log10 0.547 -

ROE_Log10 0.764 -
Source: authors’ calculation using Iran’s pharmaceutical firms in 2001–2018.

So, on the basis of PCA, two variables for clustering analysis were developed:
Variable 1 = performance index (ROA, NP, Qtubin-log, and ROE-log10);
Variable 2 = Log10SG-DPR.
Variable 1 was considered to analyze the firms’ performance, which runs up to the

maximum in the maturity stages and drops in the decline stage. Higher amounts show
earlier phases of the organizational life cycle for Variable 2, which is the subtraction of the
dividend per ratio from the sales growth. As the firms move towards the decline stage, this
index decreases (Section 3.1).

4.3. Cluster Analysis Results

The developed variables from PCA were entered into the autoclustering node of SPSS
modeler 18.0 as inputs, and the software suggested a two-step clustering method based on
the Silhouette index. Two-stage cluster analysis is a binary method that uses the distance
measurement for individual groups, and then statistically merges them step by step until
all clusters are in one set. This technique has several advantages, such as determining the
number of clusters on the basis of a statistical fitness measurement (AIC or BIC) rather
than on arbitrary selection, using simultaneously stratified and continuous variables, and
managing large datasets. Studies have shown that two-stage cluster analysis is one of the
most reliable clustering methods in terms of the number of recognized clusters and the
probability of classifying individuals into subgroups [40].

The optimal number of clusters for the developed model was 3 on the basis of the
Silhouette index (Table 6). This index, in a fitting model criterion, measures the cohesion and
separation of the developed clusters and indicates poor, fair, or good results. The model’s
Silhouette index was 0.6 (more than 0.5), so the clustering model had good quality [41].
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Table 6. Model fitting criteria for different numbers of inputs cluster in two-step clustering analysis.

Algorithm Number of Inputs Number of Clusters Predicted Variables Average Silhouette

Two-step 2 (Performance, Log10SG-DPR) 3 92.75% 0.60
Two-step 2 (Performance, Log10SG-DPR) 4 92.75% 0.50
Two-step 2 (Performance, Log10SG-DPR) 5 92.75% 0.50
Two-step 2 (Performance, Log10SG-DPR) 6 92.75% 0.46

Source: authors’ calculation using Iran’s pharmaceutical firms in 2001–2018.

On the basis of the two-step model, the pharmaceutical firm-years of Iran were divided
into three groups:

1. Cluster 1: 57 (17.22%) of the firm-years belonged to this cluster. According to
Table 7, the mean ± SD performance and SGlog10-DPR index were 0.06 ± 0.12 and
−0.70 ± 0.25, respectively. Compared to the two other groups, the performance of
Cluster 1 can be considered to be medium-upward. Concerning the SGlog10-DPR
variable, this cluster had minimal amounts of SGlog10-DPR. According to Ebadi
(2016), the firm’s SG and DPR usually move against each other: younger firms
based on the OLC concept have more SG and less DPR, and the older ones are the
opposite [1]. Compared to other clusters, this group with middle financial perfor-
mance and minimal SGlog10-DPR ranges was almost in the early decline stage.

2. Cluster 2: 113 (34.14%) of the firm-years belonged to Cluster 2. This class achieves
maximal financial performance (mean ± SD = 0.15 ± 0.09) and medium-upward
SGlog10-DPR amount (mean ± SD = −0.10 ± 0.09). Compared to the other clusters,
the firm-years belonging to this cluster were in the maturity stage of OLC.

3. Cluster 3: This cluster comprised 137 (41.39%) of the firm-years. According to
Figure 1 and Table 7, its financial performance index was in the minimal range
(mean ± SD = −0.08 ± 0.09), and its SGlog10-DPR index was in the medium range
(mean ± SD = −0.12 ± 0.12). According to the low financial performance and
medium SGlog10-DPR index of these firm-years compared to those of other clusters,
the best-interpreted OLC situation for this cluster is the growth stage (Figure 1).
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Table 7. Statistical characteristics of the developed clusters.

Clusters Index Mean Number Std. Deviation Minimum Maximum

Cluster 1
Financial performance 0.06 57 0.12 −0.46 0.28

SGlog10-DPR −0.7 57 0.25 −1.54 −0.33

Cluster 2
Financial performance 0.15 113 0.09 0.04 0.54

SGlog10-DPR −0.1 113 0.09 −0.32 0.2

Cluster 3
Financial performance −0.08 137 0.09 −0.53 0.04

SGlog10-DPR −0.12 137 0.12 −0.51 0.11

Total
Financial performance 0.03 331 0.14 −0.53 0.54

SGlog10-DPR −0.22 331 0.27 −1.54 0.2

Source: authors’ calculation using Iran’s pharmaceutical firms in 2001–2018.

4.4. The Effect of Age on the OLC Situation

According to the compared means approach, there was no significant difference
between the average age of the three developed clusters (Figure 2). As presented in
Figure 2, although the mean age for the firm-years in the decline stage (Cluster 1) was
45.8 years old, and for the ones in maturity and growth stages (Clusters 2 and 3) was
42.93 years, this is not an essential statistical difference. The mean age of the growing and
mature firms was also the same, which shows that older companies were not necessarily in
the decline stage or vice versa. In other words, age cannot be considered to be an influential
variable for moving toward the decline stage.
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We also plotted the pattern of changes in the OLC situation of the Iranian pharmaceu-
tical firms from 2001 to 2018, shown in Figure 3, which also indicates that some companies
had some changes in their OLC situation during this time (move towards OLC stages or in
the opposite direction), and others had no changes between 2001 and 2018.
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Figure 3. OLC situation pattern of Iranian pharmaceutical companies (each ID shows one firm)
during 2001–2018 (data: Iran’s pharmaceutical firms 2001–2018).

5. Discussion

In this study, we proposed an innovative approach to identify the OLC situation
in Iranian pharmaceutical firms. We used the SG and DPR introduced by Anthony and
Ramesh [4] with financial performance indicators to cluster the firms on the basis of the
OLC concept. We also proposed different strategies, including open innovation in each
stage of the OLC based on the study’s results, to allow for the more sustainable performance
of generic pharmaceutical companies.

5.1. Organizational Life Cycle of the Generic Industry in Iran

Most Iranian pharmaceutical firm-years showed growth stage characteristics based on
OLC theory during 2001–2018. As time went by, as expected, more companies entered the
decline phase, but some companies showed the opposite conditions. During 2001–2018,
many of the firms maintained maturity or growth, and some others oscillated between the
growth and maturity stages. This indicates that company age does not necessarily indicate
the aging and decline of a firm. On the basis of studies, older companies are more experi-
enced in finding better routes for building external relationships, technical competencies,
and product development [42]. Our findings show that Iranian pharmaceutical firms are
old enough (age mean = 43.5) and experienced in different mentioned fields. So, although
in previous studies age was recognized as an essential factor in the organization’s aging
and could be the reason for the burnout of facilities and equipment [43], our results show
that age cannot solely be a valid variable in OLC identification, and should be considered
along with the other performance measurements that were discussed in this study.

Some of the studied firms were shifting from the maturity or decline stage to a
better condition such as the growth or maturity stage, respectively. This means that such
companies recover, and begin to grow and accumulate resources [44]. Another explanation
for returning to the growth stage after maturity or decline is called the timing of breaking
even. This can usually occur in traditional and stable firms that tend to prove their
profitability and gain more resources to restart the growth stage. Therefore, our results are
in the same direction as that of studies that mentioned that organizational life cycle stages
should not be considered to be entirely sequential, as they may go through several stages
of recovery and fluctuate [10,44].
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5.2. The Role of Open Innovation in Firms’ Survival

In the growth and maturity phases of the organizational life cycle, there are different
strategies that a firm can adopt to sustain its profitability; some of them are shown in
Table 1. In the following, we discuss another concept, namely, open innovation, and its
benefits for the pharmaceutical industry.

The generic pharmaceutical industry has fundamental differences from global brand
producers [45]; therefore, OLC management during different stages is likewise different.
On the basis of the study results, generic pharmaceutical firms in Iran are mainly in the
maturity and growth stages or shifting between these two phases; therefore, efficiency [46]
is the critical point for long-term survival. In the highly competitive market of the generic
industry in Iran, managers should focus on innovative ways to maintain competitive ad-
vantages [46] and their market share. In this situation, open innovation, which manages
innovation through a company’s open boundaries, can help generic pharmaceutical com-
panies in developing their projects through externally oriented knowledge [47,48]. As open
innovation encompasses all aspects of innovation in products and processes, knowledge
sharing can be achieved regarding these processes from the company’s external environ-
ment [49]. One managerial consideration previously shown to enhance open innovation in
the generic pharmaceutical industry is proper product life cycle management [37]. This
can maintain the sales growth of products as an OLC indicator and the long-term sur-
vival of firms, and also establish information-sharing flow as a core requirement for open
innovation through the internal and external resources of a company.

Another approach to maintain long-term survival based on the generic pharmaceu-
tical situation is the collaboration of the industry and universities. Industry–university
association plays a crucial role in growth and innovation in any industry in both developed
and developing countries, as was mentioned in the literature [50–53]. As a developing
country, Iran has a weak infrastructure for university–industry collaboration, which has led
to insufficient innovation in different sectors [52]. Their focus is on developing the capacity
for producing the range of domestic pharmaceutical products [54]. In these conditions,
taking advantage of professional resources in the academic sector can, besides saving costs,
also enhance the technological and human capital capacity, the economic competitiveness
of firms, risk sharing, subcontracting the research and development sector, etc. [55]. These
benefits can improve open innovation in generic pharmaceutical companies and contribute
long-term competitive advantages for performance and survival.

5.3. Declined Organizations: Causes and Solutions

As presented by our results, the lowest identified stage in the studied companies
was the decline phase. This result is not surprising, because some studies have shown
that the decline phase frequently happens in new companies due to a lack of leadership
and coordination mechanisms or the inability to generate resources to sustain the firms’
operation [44]. Most Iranian pharmaceutical companies are well-established, and as our
results show, they seem to have reached a stable and promising situation. In firms that
belonged to the decline stage in the last year of the study, we see low sales growth and high
DPR. In these firms, the performance index is also mainly upward-medium, which shows
that the companies were trying to maintain their performance by reducing costs, thereby
increasing net profits or maintaining the market value while the total sales growth trend
was dropping.

The main point about the declined firms, and as an actual application of the OLC
concept that had been discussed, is providing solutions to pass them from the decline stage.
This concept is known as “turnaround” in the literature, which means that the firm recovers
in the decline stage and revives itself [11,56].

Dropping sales growth. Concerning the Iranian pharmaceutical companies, there are
some possible reasons for declining sales growth and entering the decline stage: sanctions,
which in recent years have caused problems in the supply of raw materials and currency
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transfers, and a lack of investment in research and development activities or its imbalance
with public needs and declining sales growth [57,58].

Lack of efficient innovation approach. As mentioned above, the pharmaceutical industry
in Iran suffers from innovation in different sectors, from product to process. Price setting
by Iran’s Ministry of Health is another factor that leads to low financial resources for
investing in the R&D sector and formulation-based production, and there is little interest
in exportation. In this case, by reforming pricing methods, the government can increase the
financial capacity of pharmaceutical companies to invest in the research and development
sector. This can enhance product-oriented innovation, which leads to domestic competition
through enhancing product quality and differentiation, and strengthens exports to other
countries [37,57]. Another solution for enhancing the performance of the R&D sector, sales
growth and open innovation in the generic industry were suggested by Mousavi et al.
(2022) [37]. They mentioned that generic companies can gain more profits by merging
the R&D and marketing sectors through information and resource sharing, and reducing
costs [37].

High competition. Another factor in the literature that is considered to be a reason for
the shortened life cycle of organizations, declining sales growth, and entry into the decline
stage that can be applied to the pharmaceutical market of Iran is competition [59]. There is
a competitive situation in the generic pharmaceutical market of Iran [45], which may lead
to some companies having low sales growth and entering the decline stage. The increasing
quality, differentiation, and attractiveness of products, the proper selection of the target
market, recognizing and meeting the needs of target markets, and effective marketing
plans [37,60] are suggested strategies according to the generic industry situation that can
enhance the competitive advantage of the firms and turn the decline stage around.

High DPR. High DPR is another factor that leads to the decline stage of some Iranian
pharmaceutical organizations. Policies related to the high distribution of DPR give a
positive impression to the company’s shareholders, enhancing the share price, and earning
a better reputation and more external finance [61,62]. On the other hand, according to our
results, high amounts of DPR are one of the causes of organizational decline. Despite high
DPR advantages for the companies, some studies showed that a low DPR creates more
investment opportunities for companies [62].

In other words, there should be a balance between the company’s profitability and
DPR, earning stakeholders’ satisfaction, improving its reputation, fundraising from external
sources, and the existence of enough internal financial resources to invest in equipment and
modernize technologies. Therefore, one strategy for the generic industry of Iran may be
reducing the dividend per ratio, through which companies can increase profits for future
investments in upgrading facilities and turning the decline stage around. This is very rele-
vant for the Iranian pharmaceutical industry because it includes mainly semigovernmental
organizations, and has little tendency to invest in facilities and technology [15].

6. Conclusions

This study provides more profound insights into the managerial situation and fi-
nancial performance of generic companies in Iran, which can apply to other countries
with generic pharmaceutical firms. Findings show that, in the two recent decades, Iran’s
pharmaceutical firms have been in the growing stage of OLC. Over time, more companies
have entered the decline phase, which was expected, but some companies have also seen
the opposite. The age of the firms (which have shifted from the maturity or decline stage
into earlier phases of OLC, i.e., growth and maturity, respectively, over 18 years) positively
enhances their experience to recover through building external relationships, improving
product development, and accumulating resources. In many cases, the OLC should not
be considered to be sequential phases over time. The decline stage of OLC is mainly due
to dropping sales growth and high amounts of DPR. DPR should be reduced to enhance
financial capacity and invest in facilities, increase open innovation in different sectors such
as the R&D sector to enhance medicine quality and competitive advantages, and proper
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marketing strategies should exist to assess and meet the target market’s needs are strategies
for turning around the decline stage for generic pharmaceutical companies in Iran and
countries with the same situation.

The study findings may guide policymakers towards more evidence-informed plan-
ning, such as modifying pricing and offering more financial support for the R&D sector,
to overcome accompanying challenges in pharmaceutical firms in Iran and countries with
similar situations.

7. Limitations

One of the study’s limitations is the lack of access to the companies’ financial state-
ments before 2000 in the Codal Internet portal [39], so it was impossible to analyze the
companies’ OLC situation from their formation. Another limitation was the lack of ac-
cess to financial information of companies outside the Tehran Stock Exchange. Although
the studied companies constitute a large part of the country’s pharmaceutical industry
(the market share of the 20 companies in 2017 was equal to 35%) [38], complete access to
other companies’ financial statements can provide more helpful analysis.
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