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Abstract 

Both the investors and the firms in imperfect markets experience information asymmetry. As a result, they find obtaining full 

information before making any decisions to be more expensive relative to expected gains. In general, individuals provide finances 

based on the market price of the common stock, dividend payments, and the ease with which they can liquidate common stock. 

However, such decisions cannot be explained by a market like mechanism. Similarly, there is no satisfactory behavioral basis to 

rationalize the choices of the firms and the investors. It is possible to develop AI algorithms since a large amount of data is 

available on the actual decisions made. The present study postulates a behavioral basis for the observed decisions. In particular, 

it will be postulated that the financial manager wishes to generate adequate finances to support the capital decisions of the 

production manager. Similarly, the production manager will consider it necessary to invest in capital stock to avoid losing market 

share to rival firms. Intuitively, faced with the valuation of many objectives the financial manager attempts to pursue the 

numerically best objective and utilize the most productive strategy until they find some superior choice. Empirically it was found 

that in industries like motor vehicles the demand in the long run would be basically for replacement. Financial managers tend to 

concentrate on the short run objectives. On the other hand, electrical and chemical products do not experience shortage of demand 

even in the long run. They focus attention on long run objectives. The proposed algorithm accounts for such differences. It was 

noted that there is a recurrent change in the objectives and strategies of firms. The numerical magnitudes may themselves be 

inadequate to describe the behavior. Far more detailed data on the relative valuation of objectives and patterns of change over 

time would be necessary to develop satisfactory predictive algorithms. 
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1. The Issues 

The financial and product markets of firms in imperfect 

markets are inherently risky. In financial markets, individuals, 

who offer finances and firms that seek both long term and 

short run finances, experience information asymmetry. Firms 

may offer IPOs (initial public offerings) and sell stocks and 

shares on the stock market. Firms may also rely on long term 

financial institutions to acquire long run capital assets. Simi-

larly, firms depend on banking sources for their working cap-

ital finance to sustain production (strategic supply based on 

the capital stock) and conduct sales (resort to selling expenses, 

http://www.sciencepg.com/journal/wjec
http://www.sciencepg.com/journal/626/archive/6260101
mailto:rmrao@iitk.ac.in
http://www.sciencepg.com/
https://orcid.org/0000-0002-1632-2691
http://www.sciencepg.com


World Journal of Electronic Commerce http://www.sciencepg.com/journal/wjec 

 

22 

advertising and other intangible investments1) to match supply. 

Firms do not have complete information about the total fi-

nancing available and the quantity they can obtain, since sev-

eral firms compete in the market. As a result, information 

asymmetry necessitates making decisions based on incom-

plete and often probabilistic information. 

The shareholders do not have adequate information about 

the prospects of the firm or its long run stability. As a result, 

individuals who provide finance operate with incomplete in-

formation. They depend on proxies like dividend payments, 

market price of the common stock, the reputation of the man-

agement over time, and the ease with which they can liquidate 

common stock. The guidelines that economic theory can offer, 

however extensive they may be, leave some room for risky 

choices. It is also evident that the market mechanisms to equil-

ibrate such transactions are at best imperfect. Quantitative ad-

justments by both sides of such markets predominate.2 

In practice, firms experience external environmental factors, 

including government policies, that are not under their control. 

Such factors increase the risks in making financial decisions. 

Firms do make such decisions regularly despite the lack of 

a proper behavioral basis [12, 16]. This generates voluminous 

data. The purpose of AI algorithms is to investigate the possi-

bility of unravelling regularities in the decision-making pro-

cess (descriptive AI) or to find ways of prescribing a course 

of action (prescriptive AI), though, in general, observed deci-

sions embody various types of inefficiencies. Clearly, the AI 

algorithms should complement behavioral theories rather than 

supplant them altogether.3 

One mechanism that firms utilize to overcome information 

asymmetry is to assign specialized functions such as finance, 

production, and marketing to different managers. They have 

the autonomy to make appropriate decisions. The CEO would 

generally coordinate the activities of the different divisions, 

with or without an explicit overall objective. Such specializa-

tion enables the managers to obtain more relevant information 

and make appropriate decisions. 

However, the emergence of divisions implies that the divi-

sional managers may have different objectives. The emerging 

multi-objective environment requires additional coordination 

to synchronize the activities. It can be surmised that a limited 

hierarchy among the managers emerges. For example, the fi-

nance manager has to utilize the networth of the firm and the 

loyalty of shareholders and financial institutions to identify 

the supply of external finance. Similarly, the finance manager 

recognizes a demand from the production manager to maintain 

a desired level of capital stock and strategic supply. Similar 

relations exist between the other managers. However, there 

may not be an equilibrium between supply and demand due to 

                                                             
1 The expression ’strategic supply’ is originally found in [18, 21]). In their formu-

lation, the firm anticipates demand and plans production to match it. However, in 

practice, supply should be ahead of demand so that the firm is not out of stock 

when the demand arises. It would therefore be more realistic to argue that “strategic 

supply” depends on the stock of capital and its utilization. Firms then use ‘intangi-

ble investments’ to create demand to match their intended supply. This expression 

to include non-price decisions of firms can be found in [11]. They are intangible 

the autonomy of decision-making. The observed external fi-

nance for the firm may depend on either of the above. This 

signals the possibility of information asymmetry between the 

divisional managers. Whether the limited hierarchy reduces 

the total effect of information asymmetry on the long run per-

formance of the firm cannot be judged a priori. 

Consider the strategic choices of managers in their quest to 

attain the goals of their respective divisions. The marketing 

manager indulges in intangible investments in his attempt to 

create a demand for the products of the firm, to match the stra-

tegic supply defined by the production manager. However, 

consumers will ignore advertisements once they recognize the 

value of the products. The marketing manager persists with 

such investments lest the firm should lose its market share vis-

a-vis rival firms. This description of the behavior of managers 

must be incorporated into the AI algorithm. 

Another dimension of behavior needs attention. It is neces-

sary to estimate long run consequences whenever a manager 

attempts to swap the existing strategy with a new one. It is 

possible to surmise that they will be risk-averse because they 

will have to bear the costs of failure while returns, based on 

success, will be much less. In general, they will choose the 

best objective (numerically, the relative maximum) at each 

point in time and persist using it until some other objective 

proves to be superior. Turning to the choice of strategies it can 

be hypothesized that they will choose the most productive al-

ternative until they find a better one. 

One further behavioral consideration needs attention. If a 

firm finds that its long-run prospects are uncertain, it may con-

centrate on achieving short run objectives. Similarly, the firm 

may concentrate on long run objectives if there is no difficulty 

in achieving short run objectives. Further, the firm may con-

centrate on long run objectives if there is no information on 

how short run goals can lead to long term goals. However, it 

cannot be taken for granted that the pursuit of short run objec-

tives will lead to long term stability. In general, they may in-

clude both in their decisions. 

It is possible that even if the firm prioritizes one objective, 

they tend to pursue some others as well. This will be revealed 

by the percentage choice of objectives. 

The present study attempts to develop a descriptive AI al-

gorithm against this backdrop. Essentially, the proposition is 

that statistical manipulations of data should be undertaken 

only after accounting for all plausible behavioral information. 

It should also be noted that the predictions will be based on 

the most reliable data. The possibility that external environ-

mental shocks will not enable the firm realize its expectations 

investments insofar as they do not contribute to production. 

2 The absence of auction mechanisms to ensure that similarities and differences in 

the behavior of economic agents can be identified and equilibrated can be found in 

[27]. 

3 It should be obvious that depending on a theory to be developed before making 

decisions would be inefficient. To that extent empirical regularities that AI algo-

rithms summarize can improve the efficiency of decision making. 
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should be acknowledged.4 

The data of two industries, viz., chemical products and mo-

tor vehicles, will be utilized in the empirical part of the study. 

The data was obtained from the Center for Monitoring the In-

dian Economy (CMIE) for the years 2001-2023. 

The rest of the study is organized as follows. Section 2 pro-

vides a brief review of the pertinent literature. Section 3 then 

details methods of analysis leading to the AI algorithm. Sec-

tion 4 offers an overview of the data chosen for the study and 

the definition of the variables used. Section 5 summarizes the 

empirical experience. Section 6 offers guidelines for future 

work. 

2. A Brief Review of Literature 

As of now, there are several studies dealing with various 

aspects of AI algorithms. Even in the context of finance, the 

variety of issues considered in these algorithms has not yet 

reached a steady state. Several partial surveys are available. 

In general, algorithms may be descriptive or predictive. 

However, the available literature has a few studies that deal 

with the predictive aspect of AI algorithms [1, 2, 5, 7, 15, 28]. 

There is no consistency in the methods adopted. Instead, they 

are tailored to suit the empirical context. 

Turn to the descriptive algorithms. Some studies emphasize 

the necessity to integrate strategic management literature into 

model structures. However, its importance was detailed only 

in [19]. Most studies refer to only a few pertinent aspects. 

A substantial amount of literature deals with the advantages 

of using AI algorithms. An overview is provided in [17]. Var-

ious advantages and drawbacks have been elaborated in [23]. 

Such algorithms unravel the mediating mechanisms for mak-

ing decisions [24]. Improvements in the operational efficiency 

of firms were the central themes in [9]. Similarly, the ad-

vantages of decision-making skills to stay ahead of competi-

tors was noted in [20]. 

Turn to the methods of analysis. Stepwise regression meth-

ods in various forms are the main tools for constructing AI 

algorithms in [13, 22]. A bulk of studies, however, 

acknowledge non-linearity in regression and interactions 

within data. The nature of non-linearity by utilizing the lo-

gistic regression approach was attempted in [22]. Several 

other methods of approximating the functional forms have 

been proposed. A comprehensive survey of drawbacks was 

provided in [14, 23, 26]. 

Several studies acknowledge that non-linearities in regres-

sion can be attributed to swaps and switches. Prominent stud-

ies include [3, 6, 10, 15]. Moderated polynomial regression 

                                                             
4 Over time the firm anticipates at least a part of these external factors and incor-

porates them in the strategic behavior. Hence, the observed external factors can be 

included in the specification of the AI algorithm. Even so unexpected results persist 

while using the predictive algorithm. 

5 It can be surmised that the observed data accounts for the variations in the exter-

nal environment. This is valid whether the management is able to adjust the objec-

tives and strategies, or it impinges on the objectives otherwise. 

6 It will be presumed that the management makes adjustments based on the, as yet 

and fuzzy regressions that acknowledge changes in strategies 

and their effects on objectives can be found in [8, 25]. Another 

variant of this theme was provided in [7]. The empirical meth-

ods to identify changes and incorporate them in the regression 

are quite varied. Support regression methods were advocated 

in [4]. 

The currently available methods differ with respect to (a) 

choice of objectives, (b) the strategies available, and (c) the 

external environment that constrains the choices. The signifi-

cant variations in each of these dimensions depend on the cho-

sen context and the availability of data. The application under 

consideration dictates the choices. In general, there is no 

agreement regarding the relevant choices. The current practice 

acknowledges that different algorithms will be needed under 

different conditions, though the segmentation is based on non-

overlapping statistical regularities rather than a behavioral ba-

sis. ML algorithms that classify the different types of situa-

tions in which specific AI algorithms would be usable have 

not yet come to grips with the practical aspects of decision- 

making. There is an excessive dependence on statistical meth-

ods that may not be suitable in all problem contexts. 

3. The Algorithm 

The first fundamental behavioral observation is that, con-

fronted with many objectives, the management of the firm 

would consider the objective that has the largest relative value 

to begin with. They tend to pursue it until some other objective 

becomes superior at a future point in time. In a similar vein, 

note that behavioral rationality demands the use of the most 

productive strategy while pursuing any specific objective.5 

The next important step is to define a synthetic objective, 

preferably incorporating the interrelations between them and 

the switches and swaps that the managements consider effi-

cient when confronted with a wicked environment.6 Hence, a 

synthetic objective was defined with the best objective at 

every point in time in perspective.7 It would be realistic to hy-

pothesize that the strategies of the firm will also change, keep-

ing this contingency in perspective. 

Identifying the change in the appropriate strategy requires 

a more detailed analysis. Normally, it should be expected that 

the firm would pursue a strategy if the expected marginal ad-

vantage in its use is the highest at any given point in time. 

The following method is therefore empirically plausible. 

Suppose 𝑥 denotes a strategy and 𝑦 represents the value of 

the objective achieved. However, the relationship 𝑦 = 𝑓(𝑥) 

varies with the strategy. Figure 1 offers a plausible configura-

tion. Clearly, the firm would pursue the strategy 𝑥1 for 0 ≤

unpredictable, external environment and at worst incorporate their effects in the 

observed, or ex post, values of the objectives. The ex ante measures are difficult to 

infer even if the inverse optimal approach is pursued. 

7 Note that it was already acknowledged that the earlier objective would not be 

totally withdrawn even when a new objective receives prominence. The missing 

data approaches are, as yet, not able to incorporate this behavioral response in the 

analysis. 
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𝑥 ≤  𝑥11 , strategy 𝑥2  for 𝑥11 < 𝑥 ≤  𝑥12 , and switches 

back to 𝑥1 if x > 𝑥12. For all practical purposes, this is an es-

sential aspect of the AI algorithm. 

 
Figure 1. Choice of Objectives and Strategies. 

In essence, for any given observation (or the value of the 

objective), the method detailed above identifies the best ob-

jective to be pursued and the most efficient strategy that 

should be adopted. Even for a given objective, the best strat-

egy may vary over time depending on the cumulative experi-

ence of the management. It should be acknowledged that there 

will be switches and swaps in strategies.8 

Consider the empirical possibility that a strategy may turn 

out to be the best for various values of its use. From the view-

point of prediction, it would be best to consider 

Strategy = 𝛽∗objective 

where 𝛽∗ is constructed as the ratio of the average value of 

the strategy to the average value of the objective.9 

Another empirical reality should be acknowledged. The 

same strategy may be applicable for the pursuit of the same 

objective, depending on the value of the latter. Identifying the 

range of values of the objective that makes a given strategy 

efficient can restore the predictive efficiency. For example, re-

ferring to Figure 1 strategy 𝑥1is the most efficient if 0 ≤ x ≤ 

𝑥11 and x > 𝑥11. In the empirical analysis, the average of x = 

𝛼∗average of 𝑦 can be defined as a first approximation. The 

AI algorithm can be enriched if more detailed data is available. 

It is also conceivable that the firm would adopt different 

strategies to pursue the same objective (e.g., different market-

ing strategies to improve the market share) depending on the 

context. Analytically, it may be possible to only specify the 

probability with which a strategy would be adopted. Detailed 

data may describe the pursuit of the changes further. 

The following simple analogy explains the working of the 

                                                             
8 In a decentralized organizational environment, each manager may be delegated 

a certain objective and the algorithm must take this into account rather than treat 

the entire firm as being controlled by a general manager. This leads to a cooperative 

game approach that requires a specification of an objective involving all the objec-

algorithm. Let y be the destination of the decision maker. It 

may not be clearly known at the outset. Referring to Figure 2, 

the firm begins its operations at O with a target A initially. It 

may be a short-run goal or a long-run objective. The choice of 

a strategy could be the one that offers the greatest productivity. 

As A is approached, the firm may recognize that a better ob-

jective at B can be pursued. This may necessitate some 

changes in strategies as well. Having reached B, or even prior 

to it in some cases, a new target C may be sighted. The firm 

will choose strategies that will enable it to reach C in the most 

efficient manner. The cycle repeats. This description of the in-

tuitively plausible behavior of the management explains the 

observed nonlinearities most effectively. 

 
Figure 2. Non-Linear Path of Strategies and Objectives. 

The detailed changes can be traced in real time for each of 

the cases studied. This may be of prohibitive length. Hence, 

only the characteristics of the broad aggregate results will be 

presented. Essentially, they will trace the frequency with 

which objectives and strategies change. Prescribing any 

change in these aspects over a future date will require further 

information that can only be guessed or postulated at the pre-

sent stage of the analysis. 

A firm changes its objectives over time depending on its 

relative position among the objectives. Hence, it is necessary 

to infer the frequency with which an objective is pursued. Sim-

ilarly, the choice of the best strategy depends not only on the 

objective under consideration but also on the relative effi-

ciency of the strategy. As a consequence, it would be useful if 

the relative frequency of the change in strategies could be 

noted. Note that the prescription for the strategy to adopt at a 

point in time depends both on the objective being pursued and 

the most efficient strategy to cater to that objective. 

tives and strategies of the different levels of management to obtain a unique solu-

tion. 

9 Note that all the observed values in this range will not be along the same lines. 

Further modifications may be suggested depending on the additional information 

for the given firm. 
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4. The Data and Variables 

The data for several firms in the Chemical Products and 

Motor Vehicles industries in India constitute the basis on 

which the analysis was built. The data was obtained from 

CMIE (Center for Monitoring the Indian Economy) for the 

years 2001-2023. 

The management of firms cannot vary the objectives di-

rectly. They will be determined by the strategic choices of the 

management and environmental variables. The financial im-

plications of three basic functional activities have been con-

sidered: Finance, Production, and Marketing. 

The following variables were chosen for the analysis. 

It was felt that the decision logic of short-run decisions 

would be different from that of long-run. One of the proposi-

tions of this study is that the long- run position of the firm can 

be sustained only if the short- run activities are efficient. Sim-

ilarly, the management may concentrate on the long- run ob-

jectives if the market for the products is adequate. It is also 

possible that the firm will concentrate on the short- run objec-

tives if its long- run position is not stable. Hence, three alter-

natives were considered. Short- run operations, long- run 

choices, and a combination of both are managed simultane-

ously. 

As such, long-run objectives chosen were external finance 

3, and networth 4. The financial manager is responsible for 

obtaining adequate external finance to acquire the necessary 

fixed assets. The networth represents the market value of the 

assets of the firm. 

The strategic choices for the long run are fixed assets 7, debt 

10, and production expenses 5. Essentially, the acquisition of 

fixed assets may necessitate the financial manager resorting to 

debt if equity capital is inadequate. 

In the short run, the fixed assets will be utilized in produc-

tion. This necessitates the acquisition of working capital. The 

important objectives in the short run will be working capital 8, 

sales revenue 1, and profit 2. The acknowledgement is that fi-

nances incurred in production can be recovered through sales 

and have implications for the profit of the firm. 

For the short-run, the strategic choices will be production 

20, selling expenses 6, and inventories 11. Clearly, the fixed 

assets should be converted to production before realizing any 

revenue from sales. The only recourse for the firm is to hold 

inventory if the strategic supply is in excess of the realized 

sales. 

Almost all the data is in financial terms. The CMIE data for 

many firms is incomplete. Thus, the data for only a few firms 

could be examined. The original data had to be cleaned up to 

provide the basis for the analysis. It resulted in the data for 35 

firms in the chemical Products industry and 41 firms in the 

Motor Vehicles industry. 

Since some comparisons across variables was necessary 

each of them has been scaled to add to 100 over the sample. 

                                                             
10 The emphasis on short run operations over the long run objectives provides a 

5. Empirical Experiences 

Consider the possibility that firms tend to give priority to 

long term financial goals. Examine the results at the industry 

level in the tables that follow. Maintaining the superiority of 

networth as an objective is evident in the context of chemical 

products though external finance is very closely of the same 

frequency. However, for the majority of firms, external fi-

nance occupies the dominant role. The only other notable re-

sult is that debt financing is an equally important strategy. The 

demand for finances to acquire capital stock appears to be sig-

nificant. It can be concluded that in the long-run firms priori-

tize acquisition of capital stock and, as a result, depend mostly 

on equity finance. It can be surmised that firms in this industry 

are not constrained due to lack of demand. They attempt to 

cater to it using the acquisition of capital assets through exter-

nal finance. 

The motor vehicles industry offers a contrast. Networth has 

a prominent role at both the industry and firm levels. However, 

note that firms tend to acquire fixed capital using external fi-

nance. The supply of finances to the firms in this industry de-

pends on their ability to demonstrate their long-run viability, 

though the demand for their products is increasing. The long-

run demand will probably stabilize at replacement demand. It 

should be expected that debt financing may be a priority over 

equity financing. Note that strategic supply depends on fi-

nancing production expenses.10 The fragility of long-run de-

mand suggests that predicting the requirements of long-run fi-

nances on the basis of current experiences will be risky. 

Consider the question of short-run objectives in relation to 

the long-run performance. The predominant objectives of the 

chemical industry are sales revenue and short-run profit. That 

is, in the short-run, the primary emphasis is on converting stra-

tegic supply to realized demand and sales revenue. However, 

note that most of the firms did not consider production as the 

most productive strategy to obtain higher levels of profit. 

Firms depend on working capital financing to maintain their 

level of production and inventories. The advertising and sell-

ing expenses did have a major influence on profit, essentially 

due to the substantial accumulation of inventories. 

The relative ranking of the short-run objectives is similar to 

that in the chemical industry. Generally, sufficient sales reve-

nue and obtaining short- run profits are the predominant ob-

jectives. The priority for the production levels largely deter-

mined their demand for working capital. Selling expenses had 

a significant strategic effect on sales revenue and profit. It can 

be surmised that shortages of supply of working capital fi-

nance is not a constraint. Inventories had a substantial role in 

determining profit since unplanned inventories add to cost. 

The positive impact is reflected in the necessity for high levels 

of strategic supply, and the firms acknowledge that they lose 

demand if supplies are not available. Even in the context of 

motor vehicles industry, forecasting the choice of strategies 

justification for this choice. 
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will turn out to be inefficient. 

Turn to the possibility of long-run decisions of firms having 

an impact on short-run choices, or conversely. At the industry 

level, short-term objectives receive greater importance com-

pared to long-term goals in the context of chemical products 

industry. Working capital finance had a major role. Though 

inventories had a significant influence on short-run objectives, 

taken in isolation, their effect on long-run objectives was 

prominent when the interaction between long-run and short-

run objectives was considered. Acquisition of fixed capital 

and strategic supply based on it makes working capital finance 

a dominant objective. In general, short-run strategic choices 

had very little effect on the long-run objectives and conversely. 

The motor vehicles industry offers a contrast in that long-

term strategies had a significant impact on the short-run ob-

jectives and conversely. The possibility that the acquisition of 

capital stock and its utilization to create strategic supply with-

out necessarily taking into account the prospects of sales, ex-

plains this result. 

From the viewpoint of a predictive AI algorithm, it is nec-

essary to consider both the short-run and long-run strategies 

and objectives together since there are significant interactions 

between them. 

Pronounced fluctuations in the objectives and strategies 

make it difficult to utilize studies of this nature for predictive 

AI. More information concerning the factors that influence 

managers to make switches and swaps will be necessary to 

make further progress. 

Table 1. Chemicals: long run11. 

industry  7 10 5 

3 47.3141 24.4541 69.8690 5.6769 

4 52.6860 26.6667 61.1765 12.1569 

3998     

3  15.3846 76.9231 7.6923 

4  0 88.8889 11.1111 

33873     

3  14.2857 85.7143 0. 

4  0. 75. 25. 

79484     

3  0. 87.5 12.5 

4  42.8571 50. 7.1429 

Table 2. Chemicals: short run. 

industry  20 6 11 

8 21.4876 43.2692 31.7308 25. 

1 38.8430 36.1702 38.8298 25. 

2 39.6694 0. 46.8750 53.1250 

3998     

8  50. 25. 25. 

1  33.3333 66.6667 0. 

2  0. 50. 50. 

33873     

8  16.6667 33.3333 50. 

                                                             
11 The Column headings are the strategies mentioned in the text of the previous paragraph. 
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industry  20 6 11 

1  22.2222 0. 77.7778 

2  0. 28.5714 71.4286 

79484     

8  40. 40. 20. 

1  28.5714 71.4286 0. 

2  0. 70. 30. 

Table 3. Chemicals: total12. 

Industry  7 10 5 20 6 11 

3 13.1818 3.4828 13.7931 25.8621 13.7931 8.6207 34.4828 

4 21.8182 10.4167 9.3750 21.8750 9.3750 12.5000 36.4583 

8 23.1818 46.5754 13.0137 6.1644 7.5343 15.0685 11.6438 

1 17.0455 16.0000 8.0000 20.0000 8.0000 16.0000 32.0000 

2 14.7727 13.8462 7.6923 20.0000 16.9231 13.8462 27.6923 

3998        

3  0. 0. 60. 0. 20. 20. 

4  0. 0. 66.6667 0. 0. 33.3333 

8  40. 10. 20. 10. 10. 10. 

1  50. 0. 0. 50. 0. 0. 

2  50. 0. 0. 50. 0. 0. 

33873        

3  0. 0. 33.3333 33.3333 0. 33.3333 

4  25. 0. 0. 0. 12.5 62.5 

8  0. 28.5714 0. 14.2858 0. 57.1429 

1  0. 0. 0. 0. 0. 100. 

2  33.3333 0. 0. 0. 33.3333 33.3333 

79484        

3  0. 0. 0. 0. 0. 100. 

4  25. 25. 0. 0. 0. 50. 

8  75. 12.5 0. 0. 0. 12.5 

1  0. 0. 0. 0. 0. 100. 

2  0. 33.3333 0. 0. 0. 66.6667 

 

                                                             
12 The numbers like 3998 refer to the prowess code which is an identifier in the CMIE data. 
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Table 4. Motor vehicles: long run. 

industry  7 10 5 

3 33.2594 2. 57.3333 40.6667 

4 66.7406 29.2359 30.2326 40.5316 

22104     

3  0. 30. 70. 

4  33.3333 13.3333 53.3333 

38309     

3  0. 57.1429 42.8572 

4  33.3333 13.3333 53.3333 

96229     

3  0. 62.5 37.5 

4  28.5714 14.2857 57.1429 

Table 5. Motor vehicles: short run. 

Industry  20 6 11 

8 29.2683 45.4546 29.5455 25. 

1 35.9202 33.3333 42.9012 23.7654 

2 34.8115 8.9172 34.3949 56.6879 

22104     

8  66.6667 16.6667 16.6667 

1  50. 50. 0. 

2  12.5 37.5 50. 

38309     

8  100. 0. . 

1  37.5 37.5 25. 

2  11.1111 33.3333 55.5556 

96229     

8  80. 20. 0. 

1  28.5714 71.4286 0. 

2  10. 50. 40. 

Table 6. Motor Vehicles: total. 

Industry  7 10 5 20 6 11 

3 12.3167 5.9524 14.2857 32.1429 17.8571 17.8571 11.9048 

4 23.6070 13.0435 8.6957 30.4378 19.2547 18.0124 10.5590 

8 32.9912 27.5556 5.7778 18.6667 8.4444 32. 7.5556 
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Industry  7 10 5 20 6 11 

1 17.1554 20.5128 16.2393 21.3675 7.6923 21.3675 12.8205 

2 13.9296 26.3158 18.9474 24.2105 12.6316 4.2105 13.6842 

22104        

3  0. 0. 0. 100. 0. 0. 

4  20. 0. 0. 40. 20. 20. 

8  50. 0. 0. 0. 37.5 12.5 

1  25. 25. 50. 0. 0. 0. 

2  50. 0. 50. 0. 0. 0. 

38309        

3  0. 0. 100. 0. 0. 0. 

4  14.2857 0. 28.5714 28.5714 28.5714 0. 

8  16.6667 0. 33.3333 0. 33.3333 16.6667 

1  0. 0. 33.3333 0. 33.3333 33.3333 

2  25. 50. 0. 25. 0. 0. 

96229        

3  0. 100. 0. 0. 0. 0. 

0.4  16.6667 33.3333 16.6667 16.6667 16.6667 0. 

8  33.3333 16.6667 16.6667 0. 33.3333 0. 

1  0. 20. 40. 0. 20. 20. 

2  50. 25. 25. 0. 0. 0. 

 

6. Conclusion 

The AI algorithm presented in this study has the following 

advantages. 

There is an intuitively obvious behavioral basis for the 

choice of objectives and strategies of firms as they evolve over 

time. A satisfactory explanation of the essential non-linearities 

observed in practice is the highlight of this approach. 

The practicing managers can utilize it in real time to sys-

tematize their work essentially due to its simplicity in use. In 

particular, the method integrates the pursuit of short-run and 

long-run objectives and switches and swaps in the objectives 

as well as strategies. 

When broad trends are considered, it becomes evident that 

there is no constraint on the demand for the products of firms. 

Instead, the ability to attract adequate finances, acquire the 

requisite capital stock, and utilize it in the production process 

are the real constraints. Advertising and other intangible in-

vestments do propel the equilibration of the demand and stra-

tegic supply. However, there seems to be more than optimal 

usage simply to avoid rival firms overtaking the activities of 

any one firm. It would be worthwhile to improve the algorithm 

to account for the behavioral responses of rival firms in risky, 

imperfect markets. 

It is always possible that the management makes mistakes 

in its assessment of the structural changes. They have to be 

eliminated from the data so that efficient guidance can be pro-

vided to the management. Such aberrations can be eliminated 

sequentially over time. A similar argument holds for the risky 

changes in the external environment that every firm has to 

contend with. 

The basic conclusions are the following. (a) There is a re-

current swap in the objectives and strategies of every firm. (b) 

The numerical magnitude of the objectives and strategies is 

insufficient to attribute priorities to them. A psychometric 

measure based on the responses of the management becomes 

essential. Such extensions would be data-intensive and would 

be contingent on developing appropriate statistical methods. 

In general, the experience with this algorithm suggests that 

its applicability at the industry level is doubtful. It has to be 

implemented at the firm level, taking the specific conditions 

of the firm into perspective. Thus, the AI algorithm is useful 

in providing some guidance. 
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The frequency distribution for every industry indicates sig-

nificant swaps in strategies occur even when the same objec-

tive is pursued. It is also clear that swaps in objectives are a 

continuous phenomenon. This occurrence can be noticed even 

at the firm level. To appreciate why such a change occurs, and 

to what strategy or objectives the change occurs and identify-

ing the quantum of these changes, will necessarily require a 

lot more data compared to what is available. The efficiency 

and cost effectiveness of collecting all such information and 

prescribing changes efficiently is a question that cannot be an-

swered without further probing. 
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