
Introduction

The success of a firm depends on its cus-

tomers. The development of the number of cus-

tomers is therefore highly relevant for man-

agers, investors, and analysts. While firms can

often influence the number of newly acquired

customers by the size of the marketing spend,

observing customer loyalty provides insights

into the underlying trajectory (Ellis and Brown,

2017; Ries, 2011; TechCrunch, 2022). Observing

customer loyalty across customers acquired at

different points in time can, however, lead to the

wrong conclusions if its underlying forces are

overlooked (McCarthy et al., 2024). 

Suppose an investor would, for example, look

at the loyalty development of Company A in

period 5 in Figure 1. In that case, he/she

observes a customer loyalty rate that seems

constant at ~80% in the first five periods.

However, the observed loyalty can decrease

significantly in the following years. Why?

The overall loyalty development is driven (I) by

an increase in loyalty of current customers and

(II) by a decrease in loyalty of new customers

compared to current customers. While the

contrary development of the two drivers equals

out at the beginning of the firm’s lifecycle, over

time, the decrease in new customers’ loyalty

outweighs the gain in current customers’

loyalty, leading to an overall lower loyalty rate.

The contrary loyalty dynamics mislead the

stakeholder to an over- or underestimation

dependent on the measurement method used

for firm success.

A priori, sound reasoning exists for each direc-

tion of the loyalty movement. Current cus-

tomers’ loyalty could increase over time due to

survival bias, with customers with a lower prod-

uct fit churning early on and customers with a

higher fit remaining (Fader and Hardie, 2007;

Gupta and Lehmann, 2005; Kumar and

Reinartz, 2018; McCarthy et al., 2024). However,

on the contrary, customer saturation could

increase with increasing duration of customer

affiliation, and the product (which could be a

good software or service) becomes less valu-

able, leading to decreasing customer loyalty

(McCarthy et al., 2024).

For new customers’ loyalty development, loyalty

could increase as the product first must be

established in the market (Prins et al., 2009)

before attracting more established customers

with higher loyalty. Otherwise, loyalty could

decrease as the customers with the highest fit

become customers early on, with later acquired

customers being less loyal (Eisenmann, 2021).

So, insights into which direction the loyalty of

current and new customers develops help

investors, analysts, and managers to better

evaluate future firm performance. Therefore, we

aim to answer the following research questions:

1. How will current customers’ loyalty develop

over time?

2. How will new customers’ loyalty differ from 

current customers’ loyalty?

3. Which drivers impact loyalty development? 

(e.g., technology types, customer growth, 

location of technology’s headquarters)

4. How will the change in current and new 

customers’ loyalty impact overall loyalty?
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Figure 1: Exemplary Customer Loyalty Development

of Company A
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Research Approach

To answer these questions, we construct period-

cohort tables, whereby we group customers into

cohorts based on the year of their first purchase.

They are then tracked along their age (i.e., the

time they have been customers), showing the

number of customers who re mained active in

the next year out of the initially acquired cus-

tomers of the cohort. We convert these tables

to year-to-year retention tables, showing what

proportion of customers of a co hort in a period

remained active in the next period (note, the

value in each cell is between 0 if all customers

churn, and 1 if all customers stay). 

The development of retention rates along the

table is equal to the development of current

customers’ loyalty (hereafter the age effect –

corresponding to research question 1), while

the difference in retention rate between the

cohorts is equal to the difference in new cus-

tomers’ loyalty compared to current customers’

loyalty (hereafter the cohort effect – correspon-

ding to research question 2). 

Data Set

To empirically answer our research questions,

we assemble a B2B data set including 689 web

technologies, hereafter referred to as technolo-

gies each treated as an independent entity, out

of which we keep (after several data cleaning

steps) 497 technologies with more than 325

million customers. The data set comprises

eight technology types (e.g., web hosting and

infrastructure, advertising and marketing, con-

tent management and development) and spans

24 years (2000 to 2023).

Looking at the average churn rates across

technologies, we see that after 3 years, on aver-

age, 55% of customers churned. Looking at

average customer loyalty by technology type, we

see only small differences between categories:

All average loyalty rates are between 73% and

75%, apart from Email Hosting at 90% and

Media and Content Delivery at 64%. In addition,

we can observe a difference between the aver-

age loyalty rate of technologies in the US (76%)

and other geographic areas (80%), which is sig-

nificant with a p-value of 0.04% based on the

Mann-Whitney U test.

Results

To assess the direction of the age and cohort

effect across our full sample, we run individual

regressions for each technology, summarizing

the direction of effects in Figure 2. It shows the

number of significantly positive, neutral, and

significantly negative coefficients for the age

and cohort variable of the individual models

across our sample. First, looking at the age and

cohort effect separately, we see that 279 of the

497 technologies have a neutral, i.e., no age

effect. Out of the remaining 218 technologies,

162 show a positive and 56 a negative age effect. 

We conclude that the age effect is primarily

neutral but more likely positive than negative.

The cohort effect, on the other hand, is negative

for 260 technologies and neutral for 203 tech-

nologies. Looking at the interaction of the

effects, we see that if the cohort effect is posi-

tive, the age effect is also often positive. When

the cohort effect is neutral, the age effect tends

to be neutral or positive. In contrast, if the

cohort effect is negative, the age effect is rea-

sonably balanced between positive and nega-

tive; however, it is mostly neutral.

To analyze the impact of potential drivers on the

age and cohort effect, we run three separate re -

gressions with all drivers as independent vari-

ables of each regression and the age, cohort, and

constant of the previously derived age-cohort

OLS regression models as the dependent variab -

 les. As drivers, we investigate (I) the year of tech -

 nology establishment, (II) the technology origin

country, (III) the growth of the company, (IV) the

age of customers, and (V) the technology type.

We show that the year a technology has been

established, the technology’s origin country,

and the average age of cohorts’ customers only

drive overall loyalty. Technologies established

later have lower loyalty, technologies with their

firms’ headquarters in the US have lower loyalty,

and technologies with a higher average age of
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Figure 2: Overview of the Direction of Age and Cohort Effect (Significance Level >5% and Positive/Negative

Coefficient >0.3% Required for Non-neutral Classification)

Figure 3: Overview of the Number of Technologies by Deviation from CLV, Including Age and Cohort Effects

(Assuming Time Shift for Cohort Effect of 5 Periods, Maximum Retention Rate of 99%, and a Discount Rate of 10%)
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customers (i.e., how long the customer existed

before being acquired) have a higher loyalty.

The type of technology, however, influences the

cohort effect and the overall loyalty, with the

direction and significance of the effect depend-

ing on the specific technology type. The growth

of the company has no significant impact on the

age effect, cohort effect, or overall loyalty level.

The age effect is not significantly impacted by

any of the investigated drivers overall.

To see whether the age or cohort effect has a

stronger impact on the overall retention rate

across technologies, we run an OLS regression

with the overall retention development analysis

coefficients as dependent and the age and cohort

effect coefficients as independent variables. We

see that the age and cohort coefficients are both

highly significant, with the cohort coefficient

having a higher z-value (15.686 vis-à-vis 4.099)

and a higher coefficient (0.704 vis-à-vis 0.1805).

We conclude that the cohort effect is more rele-

vant for the overall retention development than

the age effect in our sample. This conclusion

corresponds with our observation of a higher

share of technologies with a negative overall loy-

alty trend, driven by the negative cohort effect. 

Managerial Implications

We show that the age effect tends to be neutral

or positive, and the cohort effect tends to

be neutral or negative, with the overall loyalty

being more likely to develop negatively than

positively but keeping a neutral development

in most cases. The question, therefore, is: Do

stake holders even need to care about the

effects or do the opposing age and cohort

effects counterbalance each other?

To investigate this question, we calculate four

exemplary customer lifetime values (CLVs) for

each technology, by (I) not including any age or

cohort effects, (II) including only the respective

age effect, (III) including only the respective

cohort effect, and (IV) including both effects. We

assume the base loyalty level, the age, and the

cohort effect to correspond to the intercept, the

age, and the cohort coefficient of our initial age-

cohort OLS regression per technology. After

calculating the four CLVs per technology, we

calculate the differences for the CLVs, including

only the age effect, the cohort effect, and the

age and cohort effect compared to the CLV,

excluding both effects. 

In Figure 3, we show, dependent on the includ-

ed effects, the share of technologies for which

the deviation in CLV compared to the constant

loyalty CLV is larger than 10%. Accordingly, if

only considering the age effect, we see that the

CLV deviates for 60% of technologies by more

than 10%. The standalone cohort effect leads to

a deviation of >10% for 35% of technologies. If

both effects are included, we see that the CLV is

significantly impacted for 62% of technologies.

We observe that 33% of technologies deviate

by ±10-25% compared to a constant loyalty

assumption, and 29% deviate by more than 25%.

In addition, we see an equal distribution in the

number of technologies between technologies

deviating by more than +10% (32%) and by devi-

ating more than -10% (31%).

We conclude that the age and cohort effect sig-

nificantly impact the CLV calculation in most

cases, highlighting the need for stakeholders to

consider them in their assessments. Startup

investors, in particular, should request cus-

tomer loyalty data not only on an overall level

but also cohort-by-cohort to predict future

development. As shown in the initial example of

this paper, a contrary age and cohort effect can,

jointly with customer growth, lead to the wrong

conclusions, e.g., by assuming a firm has con-

stant customer loyalty when, in reality, the cus-

tomers with the highest product-fit have already

been acquired, leading subsequently to cus-

tomers with lower loyalty. We, therefore, argue

that outside stakeholders should urge firms to

publish their customer loyalty developments on

a cohort level, providing insights into the under-

lying dynamics of the firm trajectory.

References

Eisenmann, T.:

Why Startups Fail: A New Roadmap for Entre -

preneurial Success.

Crown Currency, New York (NY), 2021.

Ellis, S.; Brown, M.:

Hacking Growth.

Virgin Books, London, 2017.

Fader, P. S.; Hardie, B. G. S.:

How to Project Customer Retention.

In: Journal of Interactive Marketing, 21 (2007) 1,

pp. 76–90.

Gupta, S.; Lehmann, D.:

Managing Customers as Investments: The

Strategic Value of Customers in the Long Run.

FT Press, New Jersey (NJ), 2005.

Kumar, V.; Reinartz, W.:

Customer Relationship Management. 

Springer, Berlin, 2018.

TechCrunch:

How to Improve Retention, Growth Marketing's

Golden Metric, https://techcrunch.com/2022/

06/02/how-to-improve-retention-growth-

marketings-golden-metric, 2022.

McCarthy, D. M.; Libai, B.; Schoenmueller, V.:

The Declining Churn Fallacy over the Product

Lifecycle.

Working Paper, 2024.

Prins, R.; Verhoef, P. C.; Franses, P. H.:

The Impact of Adoption Timing on New Service

Usage and Early Disadoption.

In: International Journal of Research in  Mar -

keting, 26 (2009) 4, pp. 304–313. 

Ries, E.:

The Lean Startup: How Today’s Entrepreneurs

Use Continuous Innovation to Create Radically

Successful Businesses.

Crown Currency, New York (NY), 2011.

08 efl | insights 02 | 2024

Q-02_2024_efl-News_11  29.06.24  07:50  Seite 8


