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Abstract

In subscription-based software models such as SaaS, retaining customers over time re-
quires continuous attention to how they engage with the product. Unlike traditional one-
time purchases, SaaS customers can cancel their subscriptions at any time, which puts pres-
sure on companies to demonstrate value on an ongoing basis. To meet this challenge, many
organizations have adopted Customer Success Management (CSM) - a discipline focused
on helping customers achieve outcomes through proactive engagement.

In practice, CSM teams are responsible for monitoring customer engagement, identi-
fying signs of risk, and planning outreach strategies to support long-term satisfaction and
retention. However, these decisions are often made with limited support from analytics
tools. Many teams rely on fragmented data or intuition, making it difficult to consistently
prioritize customers, evaluate feature adoption, or detect early signs of disengagement.

This study presents an analytics tool designed to support operational decision-making
in Customer Success. The tool introduces four usage-based analytics that highlight cus-
tomer engagement trends over time, across features, and at scale: a Usage Graph, Feature-
Level Usage, Score-Based Analytic, and a Dashboard overview.

The results show that the tool helped the participating CS manager reassess several
customers, uncover signs of disengagement that had previously gone unnoticed, and revise
their outreach strategy accordingly. The tool also provided a clearer overview of customer
engagement and improved confidence in prioritizing customers.
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INTRODUCTION
In today’s highly competitive digital landscape, earning cus-
tomer loyalty is more challenging than ever. Research indi-
cates that acquiring new customers costs more than retaining
existing ones [1]. This makes customer retention not only a
business priority, but a key factor in long-term sustainability
for many companies.

At the same time, the role of data and analytics in business
decision-making has grown significantly, particularly with
the rise of cloud computing, which has shifted computing
demand from transactions to business analytics [2]. This shift
aligns closely with the widespread adoption of Software as a
Service (SaaS) models, where software is delivered through
cloud platforms as recurring subscriptions rather than one-time
purchases [3]. In such models, retention becomes even more
critical as unsatisfied customers can unsubscribe at any time,
creating a strong incentive for providers to maintain ongoing
value delivery.

SaaS environments are uniquely positioned to benefit from
this analytics-driven shift. The continuous nature of service
delivery enables providers to collect detailed usage data, of-
fering an opportunity to monitor customer engagement in real
time and respond with tailored interventions.

To capitalize on this, many SaaS companies now use Customer
Success Management (CSM), a practice focused on helping
customers achieve their desired outcomes through proactive
engagement and support [4]. CS managers work to maintain
client relationships, ensure product adoption, and intervene
when signs of disengagement emerge [5].

To fulfill these responsibilities, Customer Success Managers
(CSMs) must identify which customers need attention and
prioritize outreach accordingly. This includes spotting signs
of disengagement, such as declining usage, limited feature
adoption, or sudden behavioral changes. Yet gaining these
insights is not always straightforward. Many organizations still
rely on intuition, anecdotal knowledge, or manual platform
inspection. While these methods support basic decisions, they

are time-consuming, subjective, and difficult to scale as the
customer base grows.

This challenge highlights the need for tools tailored towards
CSM workflows, tools that help identify disengaged customers
and support CSMs in prioritizing outreach efforts more effec-
tively.

This study addresses these needs by developing and evaluating
an analytics tool designed to support CSMs in SaaS environ-
ments. The tool introduces four key analytics components: a
time-series Usage Graph that illustrates a customer’s activity
over time, a Feature-Level Usage view for module-specific
adoption, a Score-Based Analytic that smooths volatile usage
data into interpretable engagement scores, and a comparative
Dashboard Analytic for identifying at-risk customers across
the entire customer base.

Together, these analytics provide a structured overview of
customer behavior, allowing CSMs to detect declining engage-
ment, monitor feature adoption, compare usage across cus-
tomers, and prioritize outreach with greater confidence. This
study proposes these analytics as part of a broader decision-
support tool for CSMs, with the goal of enhancing clarity and
judgment in everyday workflows.

To explore whether the tool and its analytics fulfill this goal,
the system is implemented and tested in a real-world setting.
Using real customer data from a SaaS provider, a task-based
evaluation is conducted with a professional CSM, focusing on
how the tool affects operational decision-making. In addition,
user experience (UX) feedback is gathered to assess the tool’s
perceived value and practical relevance. While the evaluation
is small in scale, it offers an initial validation of the tool’s
potential and provides insight into how usage-based analytics
can support operational CSM tasks.

Research Questions
1. How does an analytics tool impact Customer Success Man-

agers’ decision-making in terms of identifying at-risk and
successful customers, prioritizing customer outreach, and
evaluating customer usage on a SaaS platform?

2. What is the perceived user experience and usefulness of
the analytics tool in supporting the daily workflow of a
Customer Success Manager?

BACKGROUND
This chapter introduces the foundational concepts necessary
to understand the context of the study. It covers the character-



istics of SaaS, the role of CSM, and the operational challenges
that motivate the design of the proposed analytics tool.

Software as a Service
SaaS is a cloud-based model in which applications are hosted
and maintained by the provider, removing the need for users
to install or update software locally. Access is provided over
the web, requiring only a browser and an internet-connected
device, which improves accessibility across platforms and
reduces IT overhead [6].

A key architectural feature in many SaaS applications is multi-
tenancy (MTA), where multiple tenants share a single software
instance on the provider’s infrastructure, including shared com-
ponents like the server and database [6, 7]. This allows each
customer to use the same software while keeping configura-
tions, access, and data logically separated. As a result, collect-
ing customer-specific data is easier, as the system is built to
isolate tenant data within the shared environment.

The pricing model of a SaaS offering depends on multiple
factors. Laatikainen and Ojala [8] found that SaaS offerings
may adopt various pricing strategies depending on architec-
tural and organizational factors, such as cloud maturity and
deployment model. Despite this variability, their study identi-
fied subscription-based pricing as the most common model in
practice.

The subscription-based pricing model creates ongoing pres-
sure to demonstrate value and retain users over time, since
customers who stop deriving value from the product can easily
cancel their subscription, a phenomenon known as customer
churn. Churn refers to the loss of customers over time and
is a critical concern for SaaS providers, as it directly affects
recurring revenue. As a result, companies often implement
strategies to track engagement and identify customers at risk
of churn, making CSM a central concern.

Customer Success Management
CSM is an emerging discipline focused on helping customers
achieve long-term value from their service provider. Despite
its growing use in SaaS companies, CSM lacks a standardized
academic definition [4, 9, 10]. As a result, interpretations
of the practice vary depending on industry perspectives and
practical implementations.

The rise of subscription-based business models, such as SaaS,
has elevated the importance of CSM [9]. Unlike traditional
one-time software purchases, SaaS customers pay on a recur-
ring basis and can cancel their subscription at any time. This
shift in power from provider to customer means that value
must be demonstrated continuously, not just at the point of
sale. As a result, providers must continuously prove their
value or risk churn [4].

CSM has emerged in response to these changes, filling a gap
left by traditional post-sales functions, which often focus on
reactive support rather than ensuring continuous value de-
livery [4]. By helping customers achieve their desired out-
comes, CSM shifts the focus from transactional support to

relationship-focused outcome delivery. It aligns provider suc-
cess with customer success, ensuring that the customer’s goals
are met throughout the service lifecycle.

To support this, CSM practices rely on several structured pro-
cesses. One of the most important is onboarding, the initial
phase of the customer journey where expectations are set
and early value is delivered. Effective onboarding helps pre-
vent early disengagement by supporting customers in getting
started and reaching meaningful results quickly [5]. Poor on-
boarding, on the other hand, is often linked to low adoption
and increases risk of churn.

Another foundational concept is customer health, a quantifi-
able measure of how likely a customer is to renew, expand, or
churn. Health scores typically combine product usage, feature
adoption, support history, and other behavioral signals to help
CSMs identify risk and prioritize outreach [10]. As customer
bases grow, these types of metrics are essential for scaling
proactive engagement.

CSM is derived from other practices, such as Customer Rela-
tionship Management (CRM). While CSM shares some sim-
ilarities with CRM, most notably the goal of improving re-
tention—their approaches diverge. CRM primarily focuses
on structured customer data to drive marketing campaigns,
sales optimization, and support interactions [11]. CSM, on the
other hand, emphasizes the ongoing delivery of customer value
within the service. It incorporates predictive and behavioral
analytics to anticipate issues, identify risks, and proactively
guide users toward success.

Operational Challenges for CSM in SaaS
To be effective in their role, CSMs must respond to a range of
operational challenges. These include identifying disengaged
customers, understanding feature adoption patterns, and priori-
tizing outreach across a growing customer base. Each of these
needs depends heavily on the ability to monitor and interpret
customer behavior, either through structured customer data
systems [12] or operational cues such as stagnating engage-
ment and poor adoption [5].

A common starting point for assessing customer health is
tracking engagement. Low engagement often manifests as
declining product usage, irregular patterns, or sudden drops in
activity. In the SaaS context, such trends are indicators of poor
adoption or underutilization and should be closely monitored
[5]. By defining internal thresholds for acceptable usage be-
havior, CSMs can identify at-risk accounts early and intervene
proactively—whether to restore engagement, provide support,
or reinforce the value of the service [5].

Another operational challenge for CSMs arises from the need
to assess feature-level engagement. In many SaaS environ-
ments, customers gain access to different parts of the service
depending on their subscription tier. While this supports flex-
ibility and scaling, it also complicates how CSMs evaluate
customer engagement. It is not enough to know whether the
product is being used, CSMs must also understand which fea-
tures are being used, and how frequently. To support this,
companies benefit from creating usage reports and adoption
tracking lists that reveal how specific modules are used across



the customer base [5]. When key features are not adopted, the
perceived value of the service may decrease, which increases
the risk of churn [5].

Understanding feature adoption is important for several rea-
sons. First, it can uncover underutilized features that may re-
quire additional onboarding or communication. Second, it may
reveal mismatches between subscription level and actual us-
age, potentially lowering the perceived value for the customer
and increasing the risk of churn. Third, strong engagement
with specific features can indicate upselling opportunities.

Finally, as customer bases grow, manually inspecting individ-
ual usage data becomes impractical. Without a consolidated
view of engagement, CSMs may need to assess each account
separately to determine which customers require attention.
This process is time-consuming, inconsistent, and difficult
to scale, especially in contexts where timely and proactive
outreach is essential.

RELATED WORK
This chapter reviews related work on the SaaS model, CSM
strategies, and approaches to improving user retention.

The SaaS model has transformed how software is developed,
delivered, and maintained. Ju et al. [3] explored the emergence
of SaaS as a transformative business model in the software
industry. Their study highlights the key technologies of SaaS,
compares it to traditional software deployment methods like
Application Service Providers (ASP), and discusses the SaaS
application architecture and Maturity Model. The research
emphasizes the advantages of SaaS for small businesses.

With the rise of SaaS, managing ongoing customer relation-
ships has become essential. CSM has emerged as a key prac-
tice to reduce churn and foster long-term value. Seidenstricker
[13] emphasizes the role of CSM in subscription-based plat-
form business models for manufacturing companies. It ex-
plores how CSM operates in subscription-based business mod-
els, particularly in manufacturing, and describes best prac-
tices such as proactive support, personalization, and regular
communication. These strategies help align the service with
customer goals, thereby increasing engagement and retention.
Hochstein et al. [10] further conceptualize CSM as a distinct
post-sales role in Business-to-Business SaaS, separate from
sales or support. Their study introduces customer health as a
key metric, built from usage, satisfaction, and value realization
data, to guide decision-making and improve customer reten-
tion. Together, these works emphasize the evolving strategic
importance of CSM in data-driven, subscription-based envi-
ronments.

Machine Learning (ML) has been widely applied to forecast
customer churn, offering CS teams potential tools for prioriti-
zation. Ge et al. [14] used time-series data and XGBoost to
predict churn in a SaaS context, finding that usage behavior
like login frequency and project activity were strong indica-
tors. Similarly, Ullah et al. [15] achieved high accuracy using
Random Forest in the telecom domain, further validating the
potential of automated churn prediction. Sanchez Ramirez et
al. [16] built on this line of research by developing a frame-
work for using product usage data in churn prediction models

for B2B software companies. They found that tracking when
and how customers use the product helped make predictions
more accurate.

While ML tools have shown success in predicting customer
churn, it can be argued that they often lack sufficient con-
text and interpretability for confident decision-making. This
study suggests that, even as ML grows more prominent, a CS
Manager’s insight into their clients and business context will
remain essential.

Despite CSM’s growing role in SaaS, there is limited research
on how CS teams can optimize operations using tailored ana-
lytics. This study addresses that gap by introducing a tool built
around CSM workflows, seeking to make both a theoretical
and industrial contribution to the field.

METHOD
This chapter describes the design and architecture of the devel-
oped tool, as well as the method used to evaluate its effective-
ness. Specifically, the chosen analytics are evaluated through
a qualitative approach by performing user tests to determine
how well they meet the operational needs identified during the
preliminary exploration of CSM practices.

To develop a tool for CSM, it is essential to first understand
the key customer metrics that the practice uses. This requires
a deep exploration of CSM itself to identify the operational
needs. Given the fact that it is a rather under-explored area in
academic research [4, 9, 10], particularly in terms of metrics
and analytics, the analytics selected in this study are guided
by the practical responsibilities and objectives described in
emerging CSM literature.

Metrics and Analytics
The analytics developed in this study aim to provide structured,
descriptive insights into customer usage patterns. The goal is
to support and enhance the decision-making capabilities of a
CS manager by transforming large volumes of behavioral data
into interpretable and actionable formats. Each analytic in
this study has therefore been designed to address operational
challenges commonly encountered in CSM, such as identi-
fying disengaged customers, assessing feature adoption, and
prioritizing outreach efforts.

Usage Graph
The first analytic implemented in the tool is a time-series
Usage Graph. Its purpose is to visualize how each customer’s
engagement with the service evolves over time.

Usage over time can be measured in multiple ways, depending
on the nature of the service and granularity of the data avail-
able. Common usage metrics include the number of sessions,
total session duration, or the volume of interactions with the
system. Likewise, the temporal resolution of these metrics
can vary, from daily and weekly to monthly views, depend-
ing on the intended level of insight and responsiveness. The
optimal usage metric and time resolution may differ across
industries and services, and should be tailored to the functional
characteristics of the system.



Figure 1. Usage graph, interaction per day

In this study, usage is defined as the number of recorded in-
teractions per day. This choice is motivated by the context
of the service: an administrative platform within the agri-
cultural sector, where user engagement is closely tied to the
creation of database entries. In this environment, the number
of interactions serves as a direct and reliable proxy for usage.
Representing usage on a daily basis enables close monitoring
of behavior and supports early detection of engagement shifts.

An example of this representation is shown in Figure 1, which
visualizes daily interaction volume for a customer over time.
This time-series view illustrates the customer’s engagement
trajectory and helps identify patterns such as drop-offs, recov-
eries, or consistent usage trends.

Feature-Level Usage
To support the identification of how customers engage with in-
dividual service areas, the tool includes a Feature-Level Usage
Analytic. This visualization displays a separate Usage Graph
for each module or product feature, showing daily interactions
over time.

In Figure 1, a Usage Graph for the service area FarmCheck
is presented. Within the context of this study, the developed
tool operates on a SaaS platform that comprises three distinct
service areas: FarmCheck, Calves, and Adults. With the
Feature-Level Usage, the tool displays a Usage Graph per
area, isolating usage behavior per feature.

By isolating usage behavior per feature, this analytic allows
CSMs to assess adoption trends across different parts of the
platform. This supports more targeted outreach and helps
identify customers who may not be utilizing the full value
of their subscription. It also allows for comparisons between
modules, making it easier to spot patterns of narrow adoption
or strong engagement with specific areas of the service.

Score-Based Analytic
Although interactions per day is a great way to provide the
usage over a day, this study observes that there is a challenge
in interpreting engagement trends over a longer period. As
seen in Figure 1, daily interaction counts often fluctuate sig-
nificantly, and a single day of inactivity can cause the graph to
show a sharp decline in usage, even if the customer’s overall
engagement remains stable.

Figure 2. Usage graph, points per day

To address the volatility of daily interaction counts, this study
introduces a Score-Based Analytic that normalizes customer
usage into a standardized point scale ranging from 0.0 to 5.0.
Each score reflects a weighted average that includes data from
the previous seven days, effectively smoothing out short-term
fluctuations and providing a more stable, representative view
of engagement.

The rationale behind this model is that consistent usage typ-
ically indicates stronger engagement. Therefore, a customer
who uses the service regularly will receive a higher score than
one who uses it sporadically, even if their total number of
interactions is similar.

This approach results in a much more readable and actionable
Usage Graph, as illustrated in Figure 2. Compared to the
interaction-based graph in Figure 1, the score-based version
presents smoother trends and clearer signals of changes in
engagement levels.

The Score-Based Analytic is integrated with the other analyt-
ics developed in this study to enhance overall interpretability.
Each entry in the Usage Graph, previously based on raw inter-
actions per day, is replaced with the corresponding daily score,
providing a smoother and more meaningful visualization of
engagement over time. Similarly, the Feature-Level Usage
Analytic now displays scores per feature, allowing a clearer
comparison of engagement across different service areas.

Dashboard Analytic
While the Usage Graph and Feature-level Usage analytics
provide valuable insights into individual customer behavior,
they do not efficiently address the broader operational need
of overviewing the entire customer base. Without an aggre-
gated view, CS managers must manually inspect individual
customers’ Usage Graphs to assess engagement levels. This
makes the process of prioritizing outreach time-consuming,
which is not viable for a context where timely actions are
essential.

To address the challenge of customer prioritization at scale,



Figure 3. Usage dashboard

Figure 4. System architecture overview

this study introduces a Dashboard analytic designed to effec-
tively visualize key usage metrics across all customers into a
single, accessible view. By providing an immediate overview
of customer engagement trends and comparative usage lev-
els, the dashboard enables CSMs to more efficiently identify
customers requiring attention and prioritize outreach efforts
based on knowledge and data.

The dashboard, as seen in Figure 3, presents key pieces of
information for each customer by leveraging usage scores from
the Usage Graphs. First, it displays the total usage, which
is an average of all service areas’ usage (Total score field).
Second, it breaks down the usage per feature, allowing for
the identification of level of engagement on different features
(Farmcheck, Calves and Adults fields). Lastly, it displays a
trend metric (Total trend field), comparing the total usage for
one time-period against another, highlighting a customers total
engagement level trend.

While the analytics developed in this study are designed to ad-
dress common operational challenges in CSM, their practical
effectiveness remains subject to empirical evaluation.

System Design and Implementation
This section outlines the technical architecture and implemen-
tation of the analytics tool. It describes the technologies used,
the data flow structure, and the analytical logic behind engage-
ment scoring and trend detection.

Overview and flow of system
An overview of the system architecture is shown in Figure 4,
illustrating the data flow between the SQL database, the sched-
uled processing job, the MongoDB database, the Analytics
Engine, and the React-based frontend.

The SQL database serves as the primary source of customer

data. Following the MTA architecture, it stores all SaaS plat-
form data, enabling customer-specific extraction.

The scheduled processing job, implemented as an Azure Func-
tion, transforms raw table entries into a model of customer
usage per area. Each entry includes a customer ID, area ID,
and a list of daily interaction counts since the start of usage.

In this study, an interaction is defined as a table entry, dated
by either its creation or last modified timestamp. Multiple
updates to the same entry on a single day count as one inter-
action, meaning some activity is missed. A more accurate,
but unfeasible, alternative would be to implement logging for
each customer operation, allowing a more granular view of
engagement.

The scheduled processing job consists of two functions: one
HTTP-triggered, used for the initial population of all customer
and area usage data; and one time-triggered, which runs daily
at midnight to insert or update the previous day’s data. The
newly collected data is then stored in the MongoDB database.

The analytics layer converts raw interaction data, collected
from MongoDB, into usage scores and graph plots and returns
these to the frontend for visualization of the analytics.

Point and trend calculations
As described in the Metrics and Analytics section, the usage
score for a given day is based on interaction counts over the
previous seven days. Each day within this window is assigned
a point value pi using a tiered scale (see Table 1), mapping
interaction ranges to values from 0 to 5. The scale is designed
to emphasize frequency: any non-zero activity results in a
meaningful point increase, encouraging consistent engagement
over time. Thresholds can be adjusted per service area to
reflect different usage patterns across the platform.

The final daily score is calculated by normalizing the sum of
the seven daily point values using:

Usage Score =
(

∑
7
i=1 pi

35

)
×5.0

This model is applied to every day in the data range, resulting
in a list of usage scores, one for each day. This list is visualized
in the Usage Graph (Figure 2). The most recent entry in the list
corresponds to the last full day, and is used in the Dashboard
Analytic to represent the daily usage scores per area (see
Figure 3. These scores are then averaged to calculate the total
usage score for that day.

Table 1. Tiered scale for assigning daily usage score points based on
interaction count

Interaction Count Point Value (pi)

50 + 5
25–49 4
10–24 3
1–9 2
0 0



User testing
To assess the effectiveness of the developed analytics tool,
this study employs a qualitative evaluation approach through
a structured user testing session. The user test was conducted
with the CS manager at Agricam, utilizing real customer data
to ensure realistic conditions and applicability.

The study was conducted over a two-month period, limiting
the ability to evaluate long-term outcomes such as customer
retention or churn. Instead, the results focus on the tool’s
immediate impacts on customer success managers’ decision-
making and user experience.

Four actual customers were selected for the evaluation, cho-
sen to reflect varying levels of engagement and feature adop-
tion. These cases provided a diverse set of usage patterns
and served as the basis for assessing how the tool impacted
decision-making. The testing session was structured as shown
in Figure 5, with each customer case following the same eval-
uation format.

As illustrated in the figure, each case began with the introduc-
tion of a customer, followed by an initial assessment based
on the CS Manager’s standard workflow, relying on internal
knowledge and manual inspection of customer-specific plat-
forms. Next, the analytics tool was introduced, and the same
scenario was re-evaluated using the information provided by
the tool. This two-step approach enables a direct comparison
of decision-making outcomes both with and without analytic
support, specifically focusing on identifying usage patterns,
evaluating feature adoption, and prioritizing customer out-
reach.

After each round, the participant proceeded to the next cus-
tomer scenario, repeating the process until all four had been
assessed. The testing concluded with a structured feedback
session, shown at the bottom of the flowchart. This phase
involved detailed questions about the perceived usefulness
of each analytic component, the overall user experience, and
suggestions for improvement. The feedback collected during
this part of the session was aimed at addressing the second
research question, which focuses on the tool’s usability and its
impact on daily workflow and decision-making confidence.

Limitations
The CS manager was involved in the tool’s design, which may
influence their perception of the user experience. However,
this involvement is not expected to impact the task-based
evaluation, as the tasks rely on knowledge and realistic usage
scenarios rather than subjective impressions of the interface.

Additionally, the metrics and analytics used in the tool may
not be universally applicable to all SaaS platforms employing
CSM practices. To address this limitation, the study distin-
guishes when implementations are considered based on the
type of service that is used in this study.

RESULTS
The results presented address the research questions intro-
duced at the beginning of this study.

Figure 5. Flowchart of the task-based testing session, including repeated
customer evaluations and a concluding UX interview.

Task-Based Evaluation
The goal of the test was to assess how the developed analytics
tool influenced the CS manager’s decision-making in practice.
Each task involved analyzing real customer cases, and the
participant’s responses before and after using the tool. This
comparison was used to evaluate whether the tool supported
more informed and confident decision-making.

The full set of task questions and the participant detailed re-
sponses for each customer case are included in Appendix A.

To preserve confidentiality, the four customer cases analyzed
during testing are referred to as Customer 1 through Customer
4.

The first objective was to assess how clearly the CS manager
could determine customer engagement. Initial answers, given
without the tool, relied on intuition and manual inspection.

For Customer 1, the CS manager initially assumed that usage
was high in terms of volume. After using the tool, this assump-
tion was confirmed, as the data showed consistently strong
usage in the only available module, FarmCheck, which had a
usage score of 5.0.

In the case of Customer 2, the initial assessment indicated
"high usage" based on prior impressions. After using the tool,
the manager revised this evaluation to "medium usage", as the
tool revealed that FarmCheck usage had been consistently low,
peaking at just 0.6 in recent months, without any recorded
activity in the past week.

Regarding Customer 3, the participant initially expressed un-
certainty due to limited prior knowledge. After using the tool,
the CS manager observed that two of the modules had signifi-
cantly lower usage compared to the third. FarmCheck had a
usage score of 4.1, while Calves and Adults scored just 0.6
and 0.7, respectively. This uneven distribution led to an overall
classification of "medium usage".

Similarly to Customer 2, Customer 4 was initially classified
as having "high usage". After using the tool, the CS manager
revised the usage classification to "medium". While usage



in the Calves and FarmCheck modules remained stable, the
Adults module showed no recent activity. The graph revealed
a sharp decline in usage over the past three months, falling
from consistent scores of 4–5 to just 0–1.

Table 2. Usage Scores and Initial Rank Predictions.
Abbreviations: F = FarmCheck, C = Calves, A = Adults

Customer Total FarmCheck Calves Adults Initial Ranking

1 5.0 5.0 – – –
2 1.7 0.0 2.1 2.9 A > C > F
3 1.8 4.1 0.6 0.7 F > A > C
4 2.9 5.0 3.6 0.0 F > C > A

The CS manager was also asked to rank each customer’s usage
of the three service areas (FarmCheck, Calves, and Adults)
from highest to lowest. The initial ranking provided without
the tool matched the order later confirmed by the analytics.
Table 2 presents the usage scores for each module per customer
on that day, along with the CS manager’s initial ranking.

To conclude the usage assessment, the participant was asked
to evaluate each customer’s usage trend over the past 7 days,
specifically whether it was stable, increasing, or declining.
Without access to the tool, the CS manager reported not having
sufficient knowledge or resources to determine trends. How-
ever, after using the tool the participant was able to analyze the
trend metric and Usage Graph to provide more representative
responses.

The next task involved assessing customer’s level of feature
adoption.

For Customer 1, the CS manager initially assumed that adop-
tion was strong, stating that the customer typically "gets started
quickly" and is likely good at adopting new functionality. Af-
ter using the tool, this assumption was confirmed. The Usage
Graph showed that immediately after gaining access to Farm-
Check, the customer’s usage increased sharply from 0 to a
score of 5, indicating rapid and full adoption.

For Customer 2, the CS manager initially expressed uncer-
tainty regarding feature adoption. After using the tool, the
assessment shifted toward a more critical view. The Usage
Graph revealed that the FarmCheck module had not been used
at all in recent months. This led the CS manager to describe
the customer’s adoption as poor and to question whether the
customer sees sufficient value in the module. In a follow-up,
the participant was asked what they would have estimated the
usage score for FarmCheck to be prior to using the tool; they
responded with an estimated 3.0, assuming it had been stable.

For Customer 3, the initial belief was that the customer had
adopted most of the available features, though the participant
was unsure about the depth or consistency of that adoption.
After using the tool, a recurring pattern was observed in the
Calves module. The Usage Graph showed strong initial adop-
tion followed by repeated periods of inactivity. The CS man-
ager identified a link between outreach efforts and short-term
increases in usage, remarking: "...they might be able to adopt
things, so when we have meetings they start using them, but
as soon as we back off, they fall off again.”

For Customer 4, both before and after using the tool, the CS
manager described the customer’s feature adoption as strong.
The participant highlighted that the customer actively engaged
with new functionalities, including recently released features.
After using the tool, this view was reinforced, particularly with
evidence of consistent usage.

The final task focused on assessing each customer’s overall
success status, with the goal of identifying whether they might
be at risk or in need of outreach. The task was designed to
explore how the information provided by the tool influenced
the participant’s evaluation. Specifically, whether the insights
gained led to any meaningful change in the CS manager’s
perception or prioritization of the customer. Each outreach
decision in this task was grounded in the insights gained from
the previous tasks.

For Customer 1, the CS manager initially classified the cus-
tomer as a success customer. This assessment was based on
feedback from previous conversations with the customer, as
well as occasional manual checks of the customer’s platform.
After using the analytics tool, the CS manager was asked if his
previous classification remained the same; he responded: "Yes,
with certainty." The Usage Graph showed high and stable us-
age, which reinforced the customer’s success status. Based
on the customer’s stable usage and history of successful adop-
tion, the manager identified them as a suitable candidate for
upselling additional features. They explained: "When their
usage has been consistently strong over a longer period, it
becomes easier to identify the right moment to introduce new
functionality.”

The initial assessment for Customer 2 was that the customer
should be prioritized. The participant noted the prioritization
was influenced by the industry importance of Customer 2,
rather than immediate risk. However, the customer was still
classified as a success customer. After using the tool, this
perspective changed. Reflecting on the FarmCheck activity,
the participant remarked: "Since FarmCheck is at 0, this prob-
ably means that they do not see any value in it, either due to a
flawed needs assessment or simply a lack of interest.” Based
on these insights, the CS manager revised the classification
and considered the customer to be at risk, citing a potential
lack of perceived value in this part of the service.

For Customer 3, the CS manager initially assessed the cus-
tomer as a success customer with no real prioritization. After
using the tool, they were reclassified as at-risk due to the low
usage. The CS manager noted that while the Calves mod-
ule had been tested, the customer had not sustained usage
over time. Based on this, the CS manager emphasized the
importance of outreach to better understand the situation and
potentially renegotiate the service agreement to align with
actual usage and value perception.

For Customer 4, the CS manager initially assessed the cus-
tomer as a success customer with no real prioritization. How-
ever, after using the tool, the CS manager revised the assess-
ment. The analytics indicated a decline in the Adults module
for Customer 4, leading the manager to decide on proactive
outreach. While the customer was still considered successful



overall, the manager concluded that proactive outreach was
necessary to investigate the underlying reasons behind the de-
cline and to ensure sustained engagement across all modules.

At the end of each customer evaluation, the participant rated
their confidence in the accuracy of their assessments on a scale
from 0 (no confidence) to 5 (high confidence). The average
confidence score rose from 3.25 when relying only on manual
inspection and prior knowledge to 5.0 after using the analytics
tool.

User Experience Evaluation
The user experience evaluation was conducted immediately
following the task-based assessment to capture the partici-
pant’s most recent impressions. This section presents the most
relevant findings from the post-session interview.

The full set of interview questions and the participant’s com-
plete responses are available in Appendix B.

The participant found navigation clear and intuitive and explic-
itly stated that there was no confusion about the tool’s design,
noting clarity in numbers, symbols, and colors.

Trust in the presented data was high, though the participant
emphasized that the tool’s insights should complement, not
replace, personal knowledge and direct customer interactions.

While the scoring system provided clear insights, the partici-
pant suggested further enhancements, such as incorporating
customer size and customer feedback to create a comprehen-
sive customer health score as a future improvement.

The participant felt the tool reduced the need to rely on mem-
ory or assumptions. Specifically, they explained that while
they still considered past customer interactions, the visual
indicators (scores and symbols) allowed them to effectively
identify which customers required attention.

Regarding time savings, the participant gave a mixed response.
They noted that while the tool may not drastically reduce the
total time spent, it helps prioritize work more effectively. As
they described, "Now I know what I need to do during the
week. These are the customers we need to call because they
have been red for two weeks.”

When asked whether the tool supported better decision-making
in outreach and prioritization, the CS manager responded
positively. They described how usage trends helped evaluate
the outcome of previous efforts: "If we have had a follow-up
and they have improved, then we have done something right.
If usage drops after training, we need to investigate why.” The
participant emphasized the importance of monitoring ongoing
changes in customer behavior, particularly when a previously
strong user shows declining engagement.

The CS manager confirmed that they would like to use the
tool in daily work. They explained that the tool presents usage
information in a way that was not previously available, stating:
"The way the graph and score metrics show usage helps me
better understand how the customer’s usage changes. The data
helps me know whether a follow-up has worked or not.”

The Dashboard Analytic was rated highly effective (5/5) for

identifying customers requiring outreach. The overview infor-
mation presented was described as clear, concise, and easy to
interpret. They remarked: "Very clear, a good overview on
the home page, and better information when I go to a specific
farm. Which means I do not have to go into all customers, but
can go into those that I see as a risk or already know to be at
risk."

The Usage Graph Analytic was found useful for understanding
engagement trends over time. The participant noted that the
7-day scoring format avoided unnecessary visual noise while
still clearly showing whether engagement was increasing or
decreasing. Compared to raw interaction data, the usage scores
were perceived as more meaningful in capturing behavior,
particularly for workflows that cluster multiple actions on a
single day.

The Feature-Level Usage Analytic was considered essential
for understanding how customers interact with individual ser-
vice areas. Specifically, the participant stated: "Previously, the
question was whether they were generally a good or bad cus-
tomer. Now we can see which parts of the system the customer
is bad at."

During testing, the participant also remarked that they would
like to see a trend metric for each module, as this would make
it easier to track how engagement changes over time for each
specific area.

DISCUSSION
This chapter discusses and reflects on the results of the work,
the method used, and the analytics achievements.

Analysis of Results
The results demonstrate that the analytics tool substantially
changed how customer usage and engagement were evaluated.
In three out of four test cases, the CS manager revised initial
assessments after accessing visualized data, indicating that
the tool revealed behavioral patterns that were not apparent
through manual inspection alone.

The tool also clarified the depth of feature adoption. For ex-
ample, Customer 3 showed a recurring pattern of spiking after
onboarding but dropping off again, a behavior that would have
remained hidden without the Usage Graph. While adoption
was confirmed in other cases, the tool provided deeper in-
sights than the CS manager’s previous method of manually
inspecting SaaS platforms.

Even when the CS manager correctly predicted which mod-
ules were most used, shown in Table 2, the tool revealed the
scale of difference between them. This insight caught the CS
manager by surprise in multiple cases. For instance, regarding
Customer 2, they remarked: "I thought the same as what the
tool shows, but definitely not how low the usage on Farm-
Check actually was.” Similarly, for Customer 4, they reflected:
"The tool confirmed what I thought, but I did not realize how
low the usage was for the Adults module.” These quotes, taken
from the participant’s reflections during the task-based evalua-
tion, reflect how the tool added depth and clarity to existing
assumptions, turning impressions into actionable insight.



Perhaps most significantly, the insights from the tool influ-
enced strategic decisions. The ability to track customer usage
over time not only changed how usage level and behavior were
assessed, but also impacted the CS manager’s classification
of customers as either at-risk or successful. Several customer
classifications were revised, and new outreach opportunities
were identified, demonstrating how the tool supported more
proactive and informed customer management decisions.

The tool did not only influence decision outcomes, but also im-
proved the confidence in those decisions. As the CS manager’s
self-rated confidence rose from 3.25 to 5.0 after using the tool,
suggesting that the insights can reinforce both accuracy and
certainty in customer success decisions.

These findings are particularly important given the role of
CSMs in SaaS businesses. Decisions around customer prioriti-
zation, customer outreach, and feature support are central to
reducing churn and increasing long-term value. When these
decisions are based on intuition or fragmented information,
there is a risk of misallocating resources which could lead to
missing early warning signs of disengagement. By grounding
decisions in actual usage data, the tool enables more targeted
and timely interventions. For example, identifying a drop-off
in usage after onboarding allows the CS manager to proactively
schedule follow-ups, increasing the likelihood of sustained
engagement. Similarly, surfacing underused modules in other-
wise high-usage customers can signal low perceived value. In
this way, evidence-based decision-making not only improves
internal efficiency but could also contribute to better customer
outcomes.

Limitations of the study
While the tool demonstrated clear benefits for decision-making
and customer insight, it is important to acknowledge its lim-
itations, both in terms of functionality and the methodology
used in this study.

The validity of the UX evaluation findings is limited by the
nature of the participant. Since the tool was developed in
collaboration with the same CS manager who evaluated it,
their responses may reflect confirmation bias. In order to
establish that the tool offers a strong user experience, usability
testing should be expanded to include other users, ideally with
varying levels of technical expertise and familiarity with the
service platform.

One of the most notable limitations lies in the interpretation
of the score-based component of the tool. The score reflects
interaction frequency and volume, and does not take into con-
sideration the quality of usage. For example, repetitive or
low-impact actions can inflate the score without indicating
meaningful engagement. Capturing quality would require a
more complex model, potentially incorporating contextual
factors for each interaction.

Another methodological constraint is the way customer inter-
actions were defined. As noted earlier, multiple updates to
the same entry on a single day were counted as one interac-
tion, leading to underreporting of activity. This reduces the
tool’s precision in capturing customer activity and affects the

accuracy of usage representation. However, it does not signifi-
cantly impact the overall results of the study, as the primary
goal was to assess how the tool influenced the CS manager’s
decision-making.

The tool was, as previously mentioned, evaluated by a single
participant, which limits the generalization of the findings.
While the results indicate that the tool improved decision-
making in this context, further testing with a broader range
of users and organizations is necessary to determine whether
these benefits hold more broadly. The findings should there-
fore be seen as promising but exploratory, highlighting poten-
tial rather than delivering definitive proof of broad effective-
ness for the CSM industry.

Contribution to the Field
This study builds on foundational work in both the SaaS and
CSM domains, combining their core characteristics to explore
how analytics can better support CS operations. While prior
research has emphasized the importance of CSM practices
and metrics, there is currently a lack of studies focused on
practical analytics tools tailored for CSM.

The most comparable research can be found in the area of
churn prediction using machine learning, such as the work by
Sanchez Ramirez et al. [16]. However, there is a fundamental
difference in purpose and application. ML models aim to
predict churn but often provide limited insight into why a
customer is at risk. In contrast, the tool developed in this study
is not a predictive tool, but rather a descriptive one, which
provides information on customer behavior over time and
across different service modules. The goal is to support CSMs
in interpreting this data themselves, enabling more informed
and context-aware decision-making rather than relying on
automated classifications.

Furthermore, the participant in this study suggested enhancing
the score-based component of the tool by incorporating addi-
tional factors such as customer size or feedback, thereby evolv-
ing the metric toward a more comprehensive customer health
score. This aligns with the concept proposed by Hochstein et
al. [10], who emphasize customer health as a key metric in
CSM, derived from usage, satisfaction, and value realization,
to support proactive decision-making.

CONCLUSION
This study set out to explore whether tailored analytics could
support CSMs in their operational decision-making. The re-
sults indicate that the developed tool influenced the CS man-
ager’s decisions by providing clearer insights into customer
usage behavior. While the study does not evaluate which
decisions were objectively better, given the inherent subjectiv-
ity involved with it, it does show that the analytics revealed
patterns and engagement levels that had previously gone unno-
ticed. This enabled a shift from intuition-based to data-based
decision-making.

Due to the study’s limitations, particularly the involvement
of a single participant and organization, the findings should
be seen as exploratory rather than conclusive. To establish
the broader value of such a tool, future studies should include



multiple CSMs across different SaaS organizations, thereby
assessing the generalizability and overall impact of analytics
tools in CSM contexts.

It would be interesting to see the analytics tool further de-
veloped with more advanced scoring models that take into
account additional factors, such as customer size or customer
feedback.

To truly understand the tool’s impact on outcomes like cus-
tomer retention, future research would need to monitor churn
and satisfaction over a longer period, ideally comparing results
with and without the use of such a tool. This would provide
a clearer picture of how much the analytics tool actually sup-
ports CSM in day-to-day operations.

On a broader level, future studies might investigate how analyt-
ics tools can be integrated more deeply into CSM workflows,
and how predictive components might complement the de-
scriptive approach taken here. As the CSM role continues to
grow in strategic importance, there is clear value in continuing
to explore how analytics tools can support more informed,
timely, and effective customer management.
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APPENDIX

APPENDIX A: TASK-BASED EVALUATION
This appendix contains full quotes and elaborations from the task-based user testing session that support findings discussed in the
results chapter. These responses are not directly included in the main body to preserve readability, but they offer further insight
into the CS manager’s reasoning and feedback.

To maintain authenticity and avoid unnecessary translation, the original responses are presented in Swedish, as they were given
during the session.

Questions for the Task-based evaluation
Q1: How would you describe this customer’s total usage, in the form of the amount of usage? If possible, explain your thought
process behind the answer.

Q2: Based on the amount and frequency of usage, order the usage from high to low for the areas FarmCheck, Calves, Adults?
How do you come to this conclusion?

Q3: In the past week, what is the trend of the customers usage?

Q4: Do you feel that the customer has adopted and used available features to a sufficient extent?

Q5: Do you believe this customer may be in need of outreach or help understanding the service? Is there any specific feature where
this might be true? What information contributed to this answer? What is your thought process? Are they a success customer or
at-risk customer?

Q6: How confident were you in your answer to the tests in this assessment? (1–5) [1 = Not at all confident, 5 = Very confident]

In some cases there were follow-up questions, this will be represented by "Q: ..." Below is the answer for each question, before
and after using the tool for each customer.

Customer 1

Answer without tool Answer with tool
Q1 Jag skulle säga hög användning, men med några

dippar på eftermiddagen. Kanske för att dem glöm-
mer att använda systemet, eller inte hinner göra
vissa saker som dem gör dagen efter. Men generellt
är de bra användning.

Högt och väldigt bra användning.
Q: Eftersom att du svarar samma sak, vad är det
som bekräftar detta?
Dels att min analys stämde överens med verktyget
som ger “Fakta”. Och här ser jag att de använder
de varje dag och mycket. Vilket gör mig väldigt
säker i mitt svar.

Q2 Bara gårdskoll (går inte att svara på frågan då) Bara gårdskoll (går inte att svara på frågan då)
Q3 Det kan jag inte veta, det jag kan basera det på, är

ju alla gånger jag går in och kollar. Så om jag ska
ringa en kund, så går jag in i deras system och sen
ringer jag. Sen kanske inte dem svarar, och så gör
jag samma sak två dagar efter. Och kollar igen hur
det ser ut.

Jag skulle säga att trenden är rätt jämn. Den dippar
någon dag, men inte med mycket. Grafen och
metricen där ovan visar mig data som gör att jag
kan svara på detta.

Q4 Ja men det skulle jag säga, utifrån att dem, det har
väl inte hänt jätte mycket kring det området. Men
dem kommer ju igång väldigt fort och så, så jag
tänker att dem borde vara väldigt bra på att ta in
nyheter och börja använda dem.

Samma svar, att adopteringen är bra. Vi ser här på
grafen att från att dem fick tillgång till FarmCheck,
så trendar användning upp till 5 på direkten. Från 0
till 100 rätt direkt. Och har hållit sig där sen dess.



Answer without tool Answer with tool
Q5 Jag skulle säga att det är en success customer. Dem

gångerna jag har varit inne i deras system och kollat
så ser det bra ut. Och när jag har pratat med kunden
har dem sagt att det går bra. Sen vet jag att det inte
är jätte mycket att lita på. För att det finns väldigt
många som säger: “aa men vi kör på!” “Det går
bra” men dem försöker bara se bra ut för mig. Men
i en kombination av det jag ser och när jag pratar
med dem skulle jag säga det.
Success customer, no prio.

Q: Ditt tidigare svar var att de var en success cus-
tomer. Skulle du behålla det svaret?
Ja, med säkerhet!
Q: Vad bekräftar det?
I det här fallet ser jag ju att total scoren liksom
att de är bra användare i dagsläget, sen när jag
kollar vidare ser jag att dem har haft bra använd-
ning sedan start. Och då kan jag se om det släpps
nya funktioner och ser att de fortsätter köra på, så
grafen är väldigt hjälpsam.
Q: Eftersom att du säger att det är bra användning
och att det är en success customer, skulle du säga
att det finns potential för att utöka deras funktion-
aliteter?
I ett första skede så är det absolut perfekt att gå
vidare och visa fler funktioner. Det känns ju som
att hoppar dem på någonting så gör de det 100%,
så det är ju lovande. Sen därefter får man ha en
dialog med kunden för att se deras vilja. Men detta
gör ju att det blir enklare att se när man ska börja
med införsäljning. Man kan se deras användning,
och om den är bra i en längre period, kan man då
börja med mer försäljning.

Q6 Eftersom att jag bara går in och kollar max 1 gång
i veckan generellt, så blir det väldigt svårt att veta
om dem är bra eller dåliga.
3

Nu är jag 5:a.
5

Customer 2

Answer without tool Answer with tool

Q1 Jag skulle säga att det är en bra användning
generellt. Där har jag väl haft lite dålig koll, men
jag skulle säga liksom att de är bra användare.
Som jag har lagt det, skulle jag väl säga att de är
en hög användning.

Där måste jag ändra mitt svar lite (ser att Farm-
Check är 0), där är dem dåliga på att använda
det (kollar grafen och ser att deras användning
generellt är lågt och ofrekvent).
Adults och Calves är okej, (ser att poängen för
Calves är 2.1 och Adults 2.9, samt ganska stabila).
Det jag ser här är att det är FarmCheck som gör
att det kanske inte är en jättebra referens, eller bra
användare. Eftersom att FarmCheck är 0 betyder
detta förmodligen att de inte ser ett värde i Farm-
Check, vilket kan vara en fel behovsanalys eller att
intresset inte finns för dem.
Medel användning.

Q2 FarmCheck har jag knappt någon koll på, det jag
kan jag se är om de har bokat för någon Farm-
Check uppgift, men jag ser inte hur mycket dem
har använt de systemet. Så där saknar jag kun-
skap. Därför hamnar de på 3. Adults 1:a, calves
2:a (baserat på att gå in på deras system och kolla
vad de har skapat).

Jag tänkte samma som verktyget visar, men absolut
inte hur låg användningen på FarmCheck var. Men
med verktyget kan jag med säkerhet rangordna
användningen.



Answer without tool Answer with tool

Q3 Ingen aning om. Jag har haft lite möten med dem
och så, men med tre veckors mellanrum. Jag har
inte haft så bra koll på dem där i mellan.
Q: Det kommer vi fråga senare, men jag kan tänka
mig att det blir väldigt svårt att hålla koll på alla
kunder. Och prioriteringen kanske blir väldigt svårt
på grund av det.
Precis, verkligen.

Jag skulle säga att den är på väg upp. Calvar jobbar
sig upp, det är bra för vi hade ett möte med dem
för någon vecka sedan. Så det är bra att vi ser att
det ger värde för att göra customer outreach.
En ökning, men kanske inte en extrem ökning.

Q4 Det är lite krångligt med dem. För det känns ju som
att de kan använda det bättre. Jag tänker den enda
jag kan svara på, de kanske använder det 10/10,
men de kanske inte har så mycket. Dem använder
systemet så som dem vill. Och dem kanske inte vill
ha in allt, utan vill lägga lite mer fokus på specifika
områden.
Q: Skulle du säga att det finns en mismatch mellan
vad dem betalar och använder?
Dem skulle kunna utnyttja det ännu mer, men i
denna konkurrensutsatta bransch så kanske man
måste få in allt/vissa delar i mjölksystemet, men
om de skulle få in det i vårt system om vi inte
synkar så.

Inte jättebra eftersom att de inte använder alla delar.
Men detta kan bero på att de inte hittar värdet i
FarmCheck. Fortfarande lite svårt att få dem att
adoptera.
Grafen ger mig detta svar, då denna visar deras an-
vändning per dag över hela deras livstid (kundens
livstid på SaaS-plattformen).

Q5 Dem är viktiga att prioritera, dels för att det är
en stor gård med bra kontakter och arbetare. Så
dels därför, men framför allt när vi ser att de inte
använder portalen på bästa sätt.
Q: Skulle du säga att det finns något tecken på som
visar att de behöver outreach?
Det jag avgör om det är bra eller dåligt, så går
jag in på deras whiteboardtavla och ser om de har
aktuella problem, 1 på kalvar, 2 på vuxna. Detta
kom in på systemet för mindre än en vecka sen, de
kom in på olika dagar.
De ska göra provtagning och de har lite grejer de
ska göra idag.
Success

Nä men nu vet jag ju det jag visste innan och hur
mycket de faktiskt arbetar på plattformen. Nu får
jag ju data på allt liksom. Så nu ser jag ju att
FarmCheck måste vi göra något med. Ifrågasätta
varför de inte använder det, om de vill använda
det eller om det är någon slags omformulering av
kontrakt för att hålla dem nöjda utifrån prisbilden.
Verktyget bekräftar insikter i prioriteringen. Men
även går ett steg till genom att bidra mycket med
information. Samt att jag ser vad jag ska prioritera.
Om jag skulle gissat FarmCheck innan verktyget
hade jag gissat på 3:a i poäng.

Q6 3. Jag landar på en trea då jag i dagsläget inte kan
se information på hur mycket deras användning är
historiskt sett (kan bara se deras aktiva inlägg).

5:a, självklart.

Customer 3

Answer without tool Answer with tool

Q1 Det ser bra ut, de använder systemet dagligen. Inte
med säkerhet skulle jag kunna säga vilken nivå av
användning.

Jag ser att dem är bra på vissa grejer, dåliga på
andra. Men vid generalisering ser jag ju här att de
inte är jätte bra användare.
Slutsvar: Mellan.



Answer without tool Answer with tool

Q2 Idag ser vi att de har gjort väldigt mycket av rutin-
erna. 1. FarmCheck 2. Adults 3. Calves.
Tar fram detta svaret från att gå till deras sida och
kolla vad för nuvarande uppgifter dem har

Djurhanteringen är dålig (Adults, Calves) och
FarmCheck är bra, och med dem siffrorna jag ser
här så är vuxna lite mer användning än kalvar.
1. FarmCheck, 2. Adults, 3. Calves

Q3 Osäker, kan inte få fram detta svar med mitt sys-
tem.

Den går lite ner vid kalvar, upp vid vuxna, och
FarmCheck är stabil. Så skulle säga att generellt är
den stabil, och jag ser även på Trend metricen att
den är +2
Trend metricen står tydligt som en överblick, sen
kan man se med graferna hur användningen ändras
mer specifikt per område.
Det hade kanske varit bra att se trenden för speci-
fika områden, t.ex om man haft ett möte nyligen.
Men man ser ju det med grafen, men det hade blivit
lite enklare om det fanns en metric för det.

Q4 Det är svårt att se. Jag skulle säga att de använder
allt som de har tillgång till, men kan inte med
säkerhet säga om de har lyckats.
Ett exempel är medicin delen, den har vi gått
igenom, men de har inte använt medicin delen nå-
gon gång på de senaste 2 veckorna.

Jag kan ju se att de kommit igång och har varit
bra, sen har de dippat (Calves). Sen har vi gjort en
omstart, och då ser vi att dem har gått upp, men
sen har dem dippat igen.
Så dem kanske kan ta till sig grejer, så när vi har
möten så använder dem det, men så fort vi släpper
det så kommer dem av sig.
Så då är det ju här en prio kund rent generellt, för
att se till så att de alltid har en stabil användning.
Jag tror också jag får nu se att de har potentiallen
med FarmCheck som är 4.1, vilken kan betyda att
de inte ser samma i värde i Calves och Adults som
med FarmCheck

Q5 Näe det vi behöver göra är att följa upp med
medicinering delen. Kolla om dem ser värde i
den och vill använda den.
Sen beroende på om man är VILA ansluten eller
inte, visa att gårdar behandlar själva.
Dem är ingen prio, men har vi tid så gör vi något
(success)

Nja de är en prio, 2 av 3 delar använder de knappt.
Sen om dem hör av sig och säger att de låter vara
så här tills avtallet går ut, vi ser inget värde i det
men vi har testat det.
Vi ser ju här på grafen (Calves) att de har testat det,
men att de inte har hållt i det.
Här blir fokus mer på att ta reda på varför de inte
använder det, och sen senare justera avtalet i framti-
den.
Eller så kan det vara så att de har mycket ny per-
sonal och de inte har lärt sig vårt system. Då kan
vi göra något för att vända igen.
Med informationen jag får från verktyget nu så ser
jag att de använder inte vissa delar av systemet lika
mycket som vi trodde innan verktyget.



Answer without tool Answer with tool

Q6 3 eftersom jag vet att jag inte har tillräckligt mycket
information och inte lika bra koll på dem.
Hade du fråga hade jag sagt: “amen jag har koll”
men nu har jag ju sätt att jag kanske inte har koll,
och jag behöver liksom komplettering. Ett kom-
pletterande system för att få koll.
Jag tror verkligen att verktyget kommer förbättra
min förmåga att förstå kunden, samt ta beslut.

5, klyschigt att säga kanske, men det är som sagt
en bra kombination av att använda detta verktyg
och förstå kunderna.

Customer 4

Answer without tool Answer with tool

Q1 Rent generellt skulle jag säga att den är bra, när
jag går in i systemet här så ser jag att de har bockat
av uppgifter för FarmCheck och Calves.
Högt

Det är väl inte jättebra skulle jag säga nu när jag
använder verktyget. Vi ser här att användningen
för dem vuxna är 0, vilket tar ner mitt svar till bra
användning, men inte jätte bra.
Med Usage Grafen (historiskt data) ser vi att de
har varit väldigt bra (Vuxna) (ligger uppe vid 4-5 i
flera månader) men att de har tappat mängden och
frekvensen användning på de senaste 3 månaderna
(nere mellan 0-1).
Det finns förbättring, de andra två områdena (Farm-
Check, Calves) är bra men att vi kan arbeta mer
med dem på Adults.
Q: Hur använder du verktyget för att komma till
detta svar?
Först kollar jag på tabellen med overview informa-
tion och ser att allt ser bra ut förutom Vuxna. När
jag då ser detta går jag till Grafen för det området
för att se hur deras användning ser ut över tid. För
att ta reda på hur länge det har varit dåligt
Det verktyget ger som inte jag kan få fram är hur
deras användning ändras över tid, det gör att mina
antagande om en kund kan fastna länge, vilket i det
här fallet visas vara sant. Jag tror att användningen
är mycket bra, men det jag inte vet är att de har
slutat använda en del av vår tjänst under 3 månader.

Q2 1. FarmCheck, 2. Calves, 3. Vuxna Verktyget bekräftar det jag tänkte, men hur låg
användning var för Vuxna visste jag inte.

Q3 Det ända är att jag ser att de har rapporterat mindre
på Vuxna, så svart blir osöker, men kanske declin-
ing

Samma svar nu med verktyget, trenden är -8%
vilket fortfarande klassas som stabilt. Här skulle
jag väl säga att det blir lite svårt med trend metri-
cen då jag inte ser exakt vilket område som drar
ner den



Answer without tool Answer with tool

Q4 Den skulle jag säga är bra. De använder dem nya
funktionerna, dels en funktion vi släppte enbart för
några veckor sedan.
Så den är bra.
Det har varit enkelt att få dem att testa/använda nya
funktioner. Deras adoptering har kommit väldigt
naturligt, de har varit kunder länge, så det är tidi-
gare arbete som har fått dem hit (Tidigare CSM
arbete)

Ja men det skulle jag säga, för dem är liksom bra
använder för kalvar och där har vi gjort grejer.
Så jag tycker att de tar sig an det nya och kör på.

Q5 Det finns inget som tyder på detta. Det ända jag ser
är att de har bra användning (enbart utifrån dagens
användning) så jag skulle inte säga att de är någon
prio.

Nu när jag ser användningen för Vuxna och hur den
har gått från 4-5 till 0-1 på enbart några månader
så skulle jag säga att det är en mycket större prio
än vad jag tidigare trodde.
De är fortfarande en success customer, men vi
måste boka in ett möte med dem för att kolla om
det finns någon bakomliggande skäl till varför de
har i princip slutat använda vuxna delen.

Q6 4:a, för att här har vi haft en bra kundkontakt, så vi
vet att de är nöjda och så.

5:a

APPENDIX B: USER EXPERIENCE EVALUATION
This appendix contains full quotes and elaborations from the UX evaluation session that support findings discussed in the results
chapter. These responses are not directly included in the main body to preserve readability, but they offer further insight into the
CS manager’s reasoning and feedback.

To maintain authenticity and avoid unnecessary translation, the original responses are presented in Swedish, as they were given
during the session.

Appendix B shows the questions used in the UX evaluation, and the answers for each question.

Question Answer
General User Experience

How did it feel to navigate the tool? Jättetydligt, en bra överblick på startsidan, och bättre information när
jag går in på en specifik gård. Vilket gör att jag inte behöver gå in på alla
kunder, utan kan gå in på dem som jag ser vara en risk eller vet sedan
tidigare var en risk.

Which part of the tool did you find
most helpful? Why?

I stort är det ju att kunna se Usage mellan features. Tidigare har frågan
vart om de generellt är en bra eller dålig kund. Nu kan vi se vilka delar
av systemet som kunden är “dålig” på. Nu kan vi tänka mer att “De är
bra användare för FarmCheck, men att de är sämre använder för Calves”
vilket visar att vi måste göra något kring ett visst område för en kund,
inte bara för en viss kund. På det sättet blir det mycket bättre då man får
mycket bättre koll med uppdelat beroende på de olika områdena.

Was anything confusing or unclear?
Explain further if needed.

Nae, det är tydligt med siffror och symboler och färger, även jag som är
färgblind tycker det är glasklart. Så där har du lyckats.

Did you trust the data presented by
the tool?

Datan är jag inte orolig för, den är jätte bra. Det som blir missledande
är om säljchefen går in och kollar på detta, då kommer han skrika rätt
ut. Men jag gör ju inte det för att jag har dialoger med alla kunder. Jag
vet vart dem är på sitt personliga plan och gårdens plan. Det finns massa
andra grejer som spelar in, som man behöver brevid det här också, men
utan den här “faktan” så är jag ute och cyklar.



Was any information missing that
you would expect to have in a CSM
tool?

Poängutdelningen är bra. De kan vara bra användare, men målet är ju att
alla ska använda systemet varje dag. Datan ska vara svart på vitt tycker
jag, man måste ju veta saker om kunden för att göra slutsatser, som
jag inte tror att ett poängsystem skulle kunna ta med i sina uträkningar.
Det är klart att ta med faktorer som storlek, samt kunna personifiera
poängen för kunder hade förbättrat tydligheten. Detta hade gjort att
mindre kunder även kunde få högre poäng eftersom deras användning
generellt är mindre. Sen skulle det kanske hjälpa att ta med kundens
feedback i utsträckningen, eftersom att det viktigaste är att kunden är
nöjd och ser värde i servicen. Så en vidareutveckling skulle vara att
kanske göra poängen mer som en customer health score. Men sen är
det ju bara den som pratar med kunden som vet, så jag tror inte att
informationen kan visas på ett perfekt sätt.

Perceived Productivity and Workflow
Did you feel you needed to rely less
on memory or assumptions when us-
ing the tool?

Ja, sen är det ju att jag kollar på vissa som är röda och inte har alla
dialoger i baktanken.

Do you think this tool would save
time in your daily work?

Både ja och nej, det som gör är väl att jag utifrån den här nya nu vet
vad jag måste göra under veckan. De här kunderna måste vi ringa denna
vecka för att de är röda och har varit de under två veckor. Vilket gör att
jag prioriterar min tid bättre för att få kunderna nöjdare. Jag tror också
det kommer gå snabbare att hitta vilka som är prioriteringar och inte,
pågrund av att dashboarden visar upp viktig information över varje kund,
vilket gör att jag effektivare kan se vilka som är i risk zon.

Do you feel the tool would improve
your ability to make decisions about
customer prioritization and outreach
efforts? How?

Ja, nämen det är ju enkelt att se om dem har blivit bättre eller sämre.
Har vi haft en uppföljning och dem har blivit bättre, ja då har vi ju gjort
något rätt. Om de blir sämre resultat efter en utbildning, upplärning eller
liknande, då måste vi ju ta reda på varför. Och även prioritering om det
är någon som har varit topp användare och sen varit dålig användare 2
veckor i rad så måste vi ju ha koll lite på vad som händer.

If you could, would you want to use
this tool in your day-to-day work?
Why/Why not?

Ja, generellt så bidrar verktyget med information av användning som jag
inte har kunnat se tidigare. På det sättet som grafen samt poäng metricsen
visar användning gör att jag mer kan förstå kundens användning och hur
den ändras. Datan hjälper mig förstå om en uppföljning har lyckats eller
inte. Även generellt om kunderna utnyttjar delarna av systemet som de
betalar för.

Dashboard Analytic
How useful did you find the Dash-
board Analytic for quickly identify-
ing customers who may require out-
reach?

Jätte användbar, 5 av 5 om man ska svara i sådana termer. “Det är ju
liksom glasklart”

Was the overview information pre-
sented in the dashboard clear and
easy to interpret?

Ja verkligen, det är siffror, färger och symboler. Jag tycker det som visas
är bra, det blir inte för mycket information. Det är väl att se trenden
för varje område, men denna information bör nog bara visas vid kund-
specifik sida då detta skulle bli lite rörigt.

What aspects of the Dashboard An-
alytic did you find most helpful or
most limiting?

Poängberäkningen vet vi ju inte om den är “rätt” eller inte. Vi får köra
ett tag och märka om de fungerar. Om hälften av de jag klickar in på inte
behöver kollas på så måste de väl justeras lite, men detta får man se med
tiden om det är en vidareutveckling.

Usage Graph Analytic
How useful did you find the Usage
Graph Analytic for understanding
engagement trends over time for an
individual customer?

Jag tycker det är bra, man får en väldigt bra överblick. Framförallt när
det tar in de senaste 7 dagars användning, så att det inte blir för plottrigt
med poängen. “Man ser tydligt om det går uppåt eller nedåt i anvädning.”



Was the presentation of daily usage
scores effective in helping you as-
sess changes in customer behavior?

Ja men det skulle jag säga. För att ibland om man lägger in något i
systemet så blir det att man gör många operationer “Vid vaccinering så
vaccinerar vi alla och lägger in alla på en dag, och någon dag senare så
åtgärdar man alla på samma dag”. Vilket gör att poängvisningen visar
mycket bättre användningen än interactions per dag.

Were there any challenges or limi-
tations you experienced when using
the Usage Graph?

Nae

Feature-Level Usage Analytic
How valuable did you find the
Feature-Level Usage Analytic in un-
derstanding customer engagement
with specific service features?

Ja men det är väldigt viktigt. För att vissa vill ju använda enbart specifika
delar av systemet medan andra vill använda allt. Jag anser att det är
jättebra att dela upp det, genom att förstå kundens användning kan man
förstå var de olika svagheterna är i användning och det visar om kunden
utnyttjar det den betalar för.

Did dividing usage into separate
graphs and scores for each feature
improve your ability to assess fea-
ture adoption and identify potential
improvements?

Nämen det måste vara uppdelat per graff, för när man sätter upp en gård
eller gör en omstart så tar man ett område i taget och visar/lär upp. Då är
det ju viktigt att se om de nya upplärda områdena fortfarande används
efter det.

Would you have preferred a differ-
ent way to visualize feature-specific
usage?

Om det är olika spannar per område när man räknar poäng hade det
kanske varit bra att ha en cirkel som representerar användningen per
område som tårtbitar. För att kunna se vilket faktiskt område som är
mest använt för kunden. Men detta behövs inte i dagsläget och jag skulle
inte hellre vilja ha det än grafen och poängen.

Scale-Based Ratings (1–5)
Ease of use: [1 = Very difficult, 5 =
Very easy]

5

Ease of learning: [1 = Very difficult,
5 = Very easy]

4 för att lära sig från början, det är ju ett nytt system, så det är ju som det
är. Men jag vet inte riktigt om det är svårare än något annat system.

Helpfulness of the information: [1 =
Not helpful, 5 = Very helpful]

5

Using the tool, did you feel more
or less confident in your customer
prioritization decisions compared to
before?

Jag blir säkrare på hur jag ska prioritera. Det här värdet har ju aldrig varit
en del av beaktningen förut. Nu ser vi ju svart på vit hur de använder
systemet och deras delar. Sen är det ju andra parametrar som spelar in,
men denna funktion är väldigt viktig för att det kunden säger stämmer
inte alltid. Om kunden säger att “Ja men det går bra vi rullar på” så
betyder inte det så mycket då deras användning kan vara dålig. “Nu kan
jag ju ta reda på om det är så eller inte”
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