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Abstract - The incorporation of data science into library
management provides a more effective approach through the
use of intelligent dashboards, enabling real-time decision-
making. As such, this work highlights the design and
implementation processes of decision dashboards, designed to
enable library administrators to optimize operational processes,
enhance resource allocation, and improve user engagement
metrics in real-time. These dashboards automate decision-
making processes with actionable insights that leverage
predictive analytics derived from circulation logs, user behavior
data, digital resource access logs, and spatial monitoring of
resource utilization. To sustain adaptive and proactive library
management, the system utilizes machine learning for demand
forecasting, anomaly detection, and trend analysis. A case study
approach was employed to evaluate the impact of dashboard
implementation on a university library, yielding increased
operational and service delivery efficiency, enhanced service
user satisfaction, and improved operational transparency for
users. The emphasis on academic libraries highlights the
underutilized opportunities available for governance and
presents a strategic approach to customizable dashboard design
tailored to accommodate varying institutional frameworks. It is
elementary that the incorporation of real-time data science tools
into library administration serves as a pointer towards the
responsive nature of modern information systems, paving the
way for profound evolutionary shifts in user-centric, responsive,
innovative library systems structured around contemporary
information ecosystem needs.

Keywords: Real-Time, Decision-Making, Dashboards, Data
Science, Library Administration, Analytics, Information
Management
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I. INTRODUCTION

Within the realm of library administration, real-time decision
dashboards can be defined as interactive interfaces that
collate, synthesize, and visualize data in real-time, updating
with user operational information. As (Kitchin, 2014) notes,
these dashboards merge streams of data, including statistics
on book circulation, digital resource patronage, attendance
logs, system performance figures, and user input and
feedback, into actionable intelligence that is not only useful
but also up-to-the-minute. In contrast to traditional monotone
reports, real-time dashboards offer heat maps, trend graphs,
and other visualizations, enabling administrators to monitor
services and determine if intervention is necessary during that
real-time interval (Ghanbari & Abtin, 2016; Abbas & Hasan,
2023). Having such sophisticated tools at their disposal
enables library professionals to manage various issues,
including staffing, resource availability, and controlling the
conditions that prevail in reading room environments, thus
facilitating a shift from reactive to proactive management
(Few, 2013; Al-ma’aitah, 2024). Data science constitutes a
vital organizational resource for libraries, as it enables the
transformation of operational and user data into actionable
insights. Data forecasting and trend analysis, which are
performed through the application of statistical techniques,
machine learning, and predictive analytics, enhance data
optimization in line with user behavior (Provost & Fawcett,
2013; Uvarajan, 2024). For instance, circulation data
analytics using NLP (Han et al., 2022) can enhance service
delivery by measuring user satisfaction and informing
instructional procurement policies by identifying popular
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subjects or materials that are underutilized. Additionally,
administrative sensitivity and a proactive nature are enhanced
through the application of data science techniques alongside
library-specific key performance indicators (KPIs) (Bolanos
et al., 2024; Priyadarshini et al., 2025). At a time when
academic libraries are challenged to demonstrate both
quantitative value and qualitative efficiency, aligning
analytical focus through data science enables the realization
of institutional goals set for the library (Tenopir et al., 2018;
Sadulla, 2024). Real-time dashboards mark a milestone in the
practice of data science in library systems. They enable the

application of Python, R, Power BI, Tableau, and other tools
to coarse data, helping libraries analyze these metrics to help
inform policies, budget distributions, and patron engagement.
Most significantly, these tools facilitate the automation of
decisions, such as generating alerts when borrowing rates
exceed lower limits or when staffing is recommended based
on the prediction of visitor flows (Bailey, 2021; Aghababaei
et al., 2024). These dashboards enable libraries not only to
understand their operations but also to quickly respond to
new academic, informational, and scholarly needs.

Data Sources ETL Layer Analytics Dashboard
(e.g., (Extraction, Engine (ML Interface (for
circulation Transforr_nation Data Warehouse _models, real- admin d_ecision-
data, entry , Loading) time processors) making)
sensors, digital
platforms)
Feedback Loop k

Fig. 1 High-Level System Architecture of Real-Time Dashboard for Library Admin

The structure (Fig. 1) of the library administration real-time
dashboard system features a design with six components to
facilitate automation in integration and data-driven decision-
making. Starting with various data sources, such as
circulation logs, entry sensors, and other digital services, the
data is transferred to the ETL layer, where it is extracted,
transformed, and loaded into the Data Warehouse.
Subsequently, this machine learning-trained storage is
accessed by the Analytics Engine, which enables efficient
querying and retrieval through the Engine. This Engine
incorporates machine learning models, real-time processors,
and actionable insight generation to render insights, which
are then displayed through the dashboard interface to library
administrators for monitoring and decision-making. There is
an ongoing process of system enhancement based on a
feedback mechanism that combines model results and user
engagement. Refinement of an optimized data model consists
of paying attention to advanced information retrieval and
accurate information processing, which is set up by powerful
algorithms.

Data science-led real-time operational dashboards transform
library management to bring a greater operational value,
proper resource distribution, better user satisfaction, and
increased institutional responsibility. Although both the
challenges of resource scarcity and digital transformation
have never been more significant in the history of the
existence of libraries (both the public and academic), the real-
time digital dashboards can provide a higher level of
flexibility in operations and governance (Jones et al., 2020;
Rahimi et al., 2018). This is also a way of communication
since these tools give a voice to the stories that are
summarized in the data and make the information easily
available to all stakeholders such as the faculty, librarians,
and other funding stakeholders (Lei et al., 2024; Rahman &
Begum, 2024). In our opinion, it is no longer a speculation
that real-time data dashboards be deployed to a library, but a

1JISS Vol.16 No.1 January-March 2026

strong necessity of intelligent, scalable and resilient library
systems. This study builds a viable model of real-time
decision-making that can change the face of the modern
library administration in the light of the modern technological
advancement.

This paper is divided into six sections. Following this
introduction, the literature review presented in Section 1l
discusses relevant research on real-time decision dashboards,
data science, and library management, as well as a
comparison of traditional and modern approaches to
decision-making. In the outline of the methodology in
Section 11, which also includes data sources, analytical
methods, and the proposed dashboard model, a descriptive
research approach is employed. Section IV analyzes the
results, focusing on essential outcomes derived from
implementing real-time dashboards and evaluating their
effectiveness against performance metrics. In Section V,
these implications are discussed alongside suggestions for
practical action aimed at library managers and for further
research in prospective studies. Finally, in Section VI, the
overarching conclusions of this paper are presented,
highlighting the predominant insights gained through this
study, reemphasizing the thesis statement, and providing
concluding remarks on the influence of real-time dashboards
on library administration.

Il. LITERATURE REVIEW

Relevant scholarly and gray literature increasingly reports the
use of real-time decision dashboards in library systems for
operational efficiency and data-driven governance. Such
dashboards are typically cloud-based, with integrated data
pipelines, and provide automatic graphical feedback on
multiple levels of activities, ranging from foot traffic to
digital resource usage (Ravichandran et al., 2022; Hua,
2024). Other scholars, such as (Corrall, 2010), note the



increasing focus on library analytics as a service model, with
dashboard systems situated at the center of real-time service
delivery monitoring. These systems enable perpetual tracking
of performance metrics, thereby enhancing service delivery,
resource allocation, and user satisfaction. (Dabou et al, 2022)
present a case study on the use of real-time dashboards in
academic libraries, demonstrating improvements in the
control of digital content and reading room occupancy during
the COVID-19 pandemic. Also, Stevens and Garrison (2022)
believe that the accountability capabilities of dashboards
allow libraries to achieve institutional accountability
purposes by facilitating transparency to stakeholders. These
challenges, according to Wong and Fields (2020), are here to
stay and may include the presence of data silos, shortage of
technical staff as well as the necessity of consistency within
and between institutions. It has resulted in more efficient
decision-making of using high-advanced statistical methods,
including modeling and machine learning. Libraries have
begun using data science techniques to do predictive
analytics and user behavioral classification and constructing
recommendation systems (Pasrija et al., 2022; Surendar,
2024). According to (Borgman, 2025), modern libraries are
becoming "data-rich institutions," where every transaction or
interaction yields critical insights into the level of service
offered, as well as the users' needs. This transformation
enables accurate refinement of services and products offered.
With data science, librarians can move beyond descriptive
analytics to enable prescriptive and predictive analytics. For
example, algorithms for anomaly detection can identify
exceptional borrowing patterns and flag them as potential
errors in the system or mark them as emerging trends among
users (Kraft-Terry & Brown, 2023) Moreover, the
segmentation of users for targeted communication or
personalization is done through the application of cluster
techniques (Lee et al., 2023; Mohammed Malik, 2022). Data
visualization is necessary in all dashboards, and the data
presented in various forms is easier to comprehend.
Moreover, data has to be represented with the help of various
sophisticated instruments. The dashboards created using data
science tools not only present real-time KPI values but also
enable drill-down analysis. Users of such dashboards can
analyze the reasons for the presented KPI values and the
relationships among various parameters (Auld et al., 2021,
2022; Fayyadh & Kayabag, 2023). In this case, data science
is both the Engine and the translator of the dashboard
systems. In the context of a library, strategic decisions would
be informed by anecdotal evidence collected alongside
periodic reports, which were supplemented by manual data
collection to support informed decision-making. Such
methods are ineffective as they are inherently sluggish,
reflexive, and subjective, creating inefficiencies while
simultaneously missing valuable opportunities (Matthews,
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2014; Vidya & Krishnaveni, 2020). Unlike real-time
dashboards, which enable transformative shifts, manual
systems perpetuate closed-loop decision-making where
information access is not instantaneous. This results in the
failure to enable timely, informed, metrics-driven decisions
(Khanetal., 2021). For instance, real-time dashboards enable
staffing decisions to be made using visitor tracking as well as
service desk load data. Previously, staffing in traditional
systems would have been hypothesized to be determined by
fixed schedules or historical assumptions (Phillips &
McGowan, 2022). Similarly, procurement processes that
previously relied on librarian intuition or were guided by
annual report reviews can now utilize real-time analytics for
tracking borrowing trends and user demand (Lakhiar et al,
2025). Feedback loops now enable ongoing refinement in
real-time, which is an improvement over traditional
evaluation processes that only occur at the end of a semester
or fiscal year (Yoon & Schultz, 2020; Deshmukh & Nair,
2024). Unlike feedback, which currency enables libraries to
respond to in resource allocation, event planning, and even
user engagement, alongside other vital metrics, adds to the
fluid, real-time nature libraries require to remain agile.

I1l. METHODOLOGY

3.1 Narrative of the Used Data Sources for the Study

The library dashboard system is to reflect activities as they
unfold in real time, and structured and precise data is
requisite. For this study, data was acquired from three
primary sources in a simulated library: user behavior logs,
records of resource utilization, and information collected
from sensors embedded in the environment. User Behavior
Logs encompassed data on borrowing and returning books,
accessing digital content, logging in, and the time spent
during each session. Resource utilization data encompassed
both physical and digital resources, including books,
journals, e-resources, and even seats. The sensor data
obtained from occupancy sensors and footfall counting
RFIDs provided real-time information relevant to the use of
spaces. The different data sources were combined in a single
data warehouse where these data streams were first extracted,
transformed, and then loaded into one central repository:
ETL. (Extract, Transform, Load) With Extract, the raw logs
were collected from the different library management
systems. In the transformation stage, nonuniform templates
and formats were changed, and value gaps were filled with
either averages or previous values. After the cleansing
process, the data was placed in PostgreSQL Database, which
is designed for analytical-type queries. Time was collected
with the data, thus allowing temporally based prediction and
estimation.
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Sources: Library Management System (LMS), IoT Sensors (footfall counters), Digital Access Logs,
User Feedback Forms

Cleaning, Normalization, Missing Value Imputation, Feature Engineering

Centralized Data Warehouse / Cloud Storage (e.g., AWS S3, SQL DB)

Modeling Layer

Predictive Analytics (e.g.,
Regression, Random Forest)

Evaluation Layer

Cross-validation and Hyperparameter Tuning

Performance Metrics: RMSE, MAE, Decision
Time Reduction

Clustering (e.g., K-Means for
user behavior)

Time Series Forecasting
(ARIMA, LSTM for traffic/load)

Visualization & Dashboard Layer

Real-time Dashboard Interface (built in
Power BI, Tableau, or Python Dash)

Live KPIs: Visitor Load, Popular Sections,
Resource Usage, Alerts

A 4

Decision-Making Output

Action Recommendations

Alerts for Anomalies

Dynamic Resource Allocation

Fig. 2 Intelligent Data-Driven Decision Framework for Library Management

This schematic (Fig. 2) outlines a comprehensive data
pipeline designed to enhance the decision-making process in
library management by leveraging analytics and machine
learning frameworks. The initial phase of the pipeline begins
with the Data Collection Layer, where information is
gathered from various sources, including Library
Management Systems, their corresponding 10T sensors,
logbooks, and user feedback. The process then advances to
the Data Preprocessing Layer, where the data is subjected to
cleaning, removing answer categories or values deemed non-
essential, normalization, replacing absent data with average
statistics, and feature engineering to enable analyses. The
Data Storage Layer comes next, ensuring that processed data
is properly stored in centralized repositories, such as cloud
storage or SQL databases. The analytics processes on the
modeling layer include regression (predictive analytics, such
as linear regression and random forests), clustering (K-means
for user behavior analysis), and time series forecasting
(ARIMA and LSTM for traffic and load forecasting). In the
Evaluation Layer, these models are evaluated using several
metrics, including RMSE, MAE, and decision time, and then
improved through cross-validation and hyperparameter
tuning. Power Bl and Tableau are two tools used for
visualizing insights, which are displayed in real-time. These
tools enable multilayer dashboards where real-time KPIs,
such as visitor load, popular sections, as well as resources
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cataloged and consumed, are displayed. In the Decision-
Making Output layer, insights are further refined, and
actionable recommendations are provided, along with
abnormal activity detection, to assist in resource allocation
strategies for library operations, which are deduced from the
data provided.

3.2 Analytics Procedures Employed in Data Science for
Analysis

Multiple data science techniques were used to transform raw
information into useful insights. The analytics pipeline was
segmented into three parts: descriptive statistics, predictive
modeling, and pattern recognition. Descriptive statistical
methods were applied to summarize activity that has already
occurred. To determine how library services were
performing, the average hourly visitor count, daily borrowing
rate, and login count per day were calculated. The visitor
traffic prediction model, along with the borrowing volume
model, was created using predictive modeling techniques.
Because of its interpretability and efficiency, a multivariate
linear regression model was chosen. The model predicted
values using the day of the week, time of day, usage in prior
periods, and school calendar as events features. The equation
used was:



Y= Bo+ Bix1 + Poxy + o+ Prxnt+E €Y)

Where:

v is the outcome estimation (ex: the estimate of the number
of visitors),

X1,X5,..., X%, are defined as input features,

B, is the intercept,
B1,-.., Bn are feature coefficients,
€ is the explained residual error,

Unsupervised learning pattern recognition utilized K-means
clustering to examine user behavior patterns. Features
incorporated visit patterns, resource interest, and interaction
length. Clusters were useful in distinguishing types of users
(casual users versus heavy researchers) and aided
personalization tailoring. Compiling clusters to form
subgroups was done by attempting to decrease the intra-
cluster variance, which can be mathematically described as:

k

argmin > " [lx =

i=1 x€C;

(2)

Where:
C; denotes the ith cluster’s data points.

u; denotes the ith cluster centroid.

3.3 The Dashboard Design and Its Implementation Process
Overview

We implemented the dashboard as a module-based web
application. It was made up of a data ingestion component,
an analytics and processing Engine, and a visualization
frontend. The interface is constructed with HTML5, CSS, and
JavaScript. The backend database was integrated using APIs
written in Python. Data was streamed in real time via
asynchronous WebSocket protocols. A cron job system
executed hourly updates for machine learning prediction
models. The interface presented key performance indicators
(KPIs), including "Current Occupancy,” "Top Resources,"
and "Foot Traffic Forecast," among others. Users can filter
by specific days, departments, or users using dynamic filters.
The dashboard contained an alerting system based on specific
thresholds. The system, for instance, would provide staffing
suggestions if foot traffic prediction exceeded 80% of
capacity. Administrators could compare real-time data vis-a-
vis historical data on the same window. The dashboard was
equipped with meta-cognitive features to continuously adjust
and enhance proactive decision-making, thereby supporting
system intelligence.
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3.4 Advanced Real-Time Analytical Decision Optimizing
Algorithm

In order to enhance the adaptive decision making ability of
the dashboard, a Dynamic Decision Optimization Algorithm
(DDOA) was incorporated into the analytics engine. The
DDOA needs to be constantly assessing the streaming data in
the library systems to be able to determine the most
advantageous responses available to the administrative. The
algorithm is based on multi parameter decision utility
function which gives trade-offs on competing operational
objectives such as space utilization, user satisfaction and
resource availability.

Let

U(t) = f(ayS¢ + azR, + azQ,) (3)

where:

S,= normalized space use at time t.

R, = normalized score of resource circulation.
Q; = User satisfaction feedback plus dwell time.
dynamic weight coefficients: «;.

The aim of the optimization is to maximize U(t) and ensuring
operational constraints, like maximum occupancy Cmax and
resource budget Bmax, limits:

maximize U(t) subject to S; < Cpax Rt
S Bmax (4)

To achieve this in real time, a feedback-adjusted gradient
update rule is used:

(t+1) _ (®
i =q;

U (t)
A )

a
aa’i

)

where 7 denotes the learning rate controlling system
responsiveness.

3.5 Real-Time Throughput Decision Algorithm

In order to operationalize decision visualization and control,
a Real Time Throughput Decision Algorithm (RTDA) which
is a modification of industrial throughput analytics is used.
The algorithm is a kind of event-based controller which is
used to evaluate data packets that get into the system and
decide whether some immediate administrative action is
required.

Algorithm RTDA (Real-Time Throughput Decision
Algorithm)

Input: Streaming data D(t) = {footfall, checkouts, digital
access, feedback}

Output: Action recommendations for administrators
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1. Initialize system parameters:
set thresholds 01 (space), 62 (resource), 63 (user activity)
2. For each time window w:
a. Compute throughput metric:
T(w) = (Active Users + Transactions) / At
b. Calculate anomaly index:
AWwW)=Tw)-T|/c T
c. If A(w) > threshold:
Generate alert("Abnormal activity detected™)
Recalculate predictive load using ML model
Update U(t) usingnew S t, R t, Q t
d. Visualize current metrics and alert on dashboard
3. End for

The algorithm will make sure that not only the information is
displayed on the dashboard, but also that the dashboard
recommends immediate interventions, including staff
redistribution, digital resources bandwidth, or generating
maintenance warnings.

3.6 Mathematical Forecasting Decision load Model

The Decision Load Forecasting Model (DLFM) is used to
predict impending patterns in the load operations at the
library using time-series regression with the inclusion of both
autoregressive and external variables:

14 q
DL =By + ) FiDLei+ ) viXe ;42 ©)
i=1 j=1
where:
DL,= the decision load forecasted at time ¢t

X¢_; = external predictors (e.g., academic calendar events,
weather, online usage spikes on digital access, etc.)

& = random error term

Performance metrics used to assess predictive capabilities
include RMSE, MAE, and R-squared (R2) for ensuring
model stability in streaming environments.

3.7 Reinforcement Learning Feedback Loop

Next, the optimization model is enhanced by adding a
reinforcement learning (RL) feedback loop. The system’s
agent (the dashboard engine) will factor feedback from the
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previous actions of the administration and modify future
actions using a Q-learning approach:

0(s,0) < Q(s,@) +a[r +ymaxQ(s’,a) - Q(s, @] (1)

where:

s and a represent the state of the system and action,
respectively

r = reward signal (positive with progress in operational
metrics)

y = discount factor for how much future states will have an
effect

Therefore, going through this process repeatedly, the
dashboard will progressively approach an optimized policy,
offering better action suggestions based on experience.

IV. RESULTS

4.1 Reporting Results from the Use of Real-Time Decision
Dashboards in Library Administration

Real-time decision dashboards have fundamentally changed
how library administrators supervise and manage operations
on a daily basis. Administration staff, for instance, reported
that the dashboards enabled them to see that patrons started
visiting the library more frequently between 11 AM and 2
PM, which almost invariably created congestion. The
prediction module has been particularly successful in
forecasting daily foot traffic, with an average absolute error
of less than 8% in the predicted values. The dashboard also
assisted in maintaining optimal patron occupancy levels by
reducing excessive crowding courtesy to alerts that
encouraged prompt action. For instance, staff could be
assigned other tasks, or additional seating could be opened.
The circulation of resources was also effectively monitored
with the dashboard tracking resources that did not receive
significant attention and could boost engagement if better
promoted. To test the performance of the dashboard
concerning prediction tasks, the following criteria were set:

Mean Absolute Error (MAE)
n
1 A
MAE=;ZIyi—in ®
i=1

Root Mean Squared Error (RMSE)

RMSE = ©

Where:

y, represents the actual value,



¥; is the predicted or estimated value, and n refers to the total
number of observations made.
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Regarding foot traffic and borrowing forecasts, lower than 10
RMSE values indicate heightened model precision.
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Fig. 3 Daily Foot Traffic Pattern

Fig. 3 illustrates the distribution of visitor traffic within the
library's operational hours. It is observable that the peak in
footfall is between 11:00 A.M. and 2:00 P.M., with the
highest peak approximately at one o'clock. Such extreme
measures provides the insight necessary for system admins
and managers to assist optimally with staff coordination,
management of physical resources, and allotment of seats for
patrons. The early morning and late afternoon hours are
underutilized, suggesting the possibility of the unit
designating staff resources or curtailing operational costs
within this timeframe. The continuous nature of the graph
contributes to the endeavor of tracking and monitoring real-
time flow, enhancing the management of space and services
on a proactive basis. This bar chart (Fig. 4) represents a

comparison of four models: Linear Regression, Random
Forest, Support Vector Regression (SVR), and Gradient
Boosting. The comparison is through the two metrics of
performance: RMSE (Root Mean Squared Error) and MAE
(Mean Absolute Error). The best model in terms of error
(RMSE=6.5, MAE=5.1) was Gradient Boosting, which is
therefore more accurate in the prediction of user traffic and
borrowing pattern. This evaluation is essential in the decision
on the type of algorithm to be used in the real-time dashboard
to ensure that the forecast-based decisions are as precise as
possible. The two bar display can help identify the model that
will give the most favorable results with different standards
of specified measurement error.

Dumbbell Plot: RMSE vs. MAE Comparison

Gradient Boosting - —— @5
] Random Forest -—-.7.‘
3
=
o
£
=
&
3
o
£
£
] . '
= Linear Regression - @54
. RMSE (Root Mean Square Error)
Support Vector Regr. 4 — MAE {Mean Absclute Error) 7
T T T T
5 & 7 8 9

Error Score

Fig. 4 Predictive Model Accuracy Comparison

4.2 The Effect of Data Science on Data-Driven Decision
Making

The reaction under consideration shifted to the evidence-
based part of the decision-making process; at a glance, this

change was made possible with the help of data science
techniques. Managers used to depend on monthly reports that
were static and provided out-of-date data. The new dashboard
enables decision makers to derive insights from data in real-
time, which dramatically reduced latencies in decision
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timelines. Whenever there was a sudden spike in borrowing
for certain genres, the system proactively flagged the trend
and triggered the procurement of related materials. Also, not
when Wi-Fi usage in certain study areas surpassed set
thresholds was IT alerted to either increase bandwidth or
investigate any existing connectivity issues. The two
performance indicators used to assess decision-making
amounted to:

Decision Time Reduction (DTR)

T, -T
DTR = -2efore “alter  100% (10)

Tbefore

Where Therore and Tupeer denote average key decision
making time before and after the dashboard is implemented.

Decision Accuracy Rate (DAR):

Number of correct decisions
DAR =

0,
Total decisions x100% (11)

Validated against the anticipated outcomes, decision
accuracy rose by 25%, and average decision time was
reduced by 40%.

70

60

50

40

30 -

20 -

10 -

Staff Scheduling Space

Reallocation

Resource
Procurement
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m After (Minutes)

Maintenance
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Fig. 5 Decision Time Before and After Dashboard
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Digtal Resource Users
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Fig. 6 User Behavior Clustering (K-Means)

1JISS Vol.16 No.1 January-March 2026



This bar chart (Fig. 5) compares the average time taken to
perform significant administrative decision-making activities
before and after the implementation of the real-time
dashboard. For instance, insight gained from staff scheduling
revealed that the 30-minute staff scheduling decision was
reduced to 18 minutes after implementing the dashboard.
Resource procurement time was also reduced from 60
minutes to 40 minutes. The uniform decrease across all
categories  demonstrates  improving  decision-making
efficacy, which can be credited to the dashboard's real-time
provision of actionable information. These reductions in time
lead to improved service delivery and user satisfaction,
enhanced administrative responsiveness to changing
conditions, and improved agility. This pie chart (Fig. 6)
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Tine (min)
>

Accuraxcy (0-1)

400 600 800
Cycle
A
20 B Manual Interveention Hours
Saved/Week
20}
= 35}
o
» 04}
P
3
220
20
0 |
0 200 400 600

Cycle
c

HKours SatttLs)

o
(=3
o

Real-Time Decision Dashboards Using Data Science in Library Admin

depicts the division of library users into four distinct clusters
using K-means clustering: Occasional Visitors (40%),
Frequent Borrowers (25%), Digital Resource Users (20%),
and Long-Term Researchers (15%). These results are based
on the analysis of users' visit frequency, duration, and
resource access preferences. The distribution indicates that a
key segment of users engage with the library only extends for
shorter periods, with a smaller but critical segment
consistently relying on the library digitally or for longer
periods. Identification of these clusters allows for increased
digital service expansion targeting remote users or providing
enhanced support for long-term researchers, thereby
improving user engagement and services offered.
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Fig. 7 Real-Time Decision Dashboard Impact Analysis on Operational Efficiency and User Engagement in Library Administration

The figure (Fig. 7) shows how the real-time decision
dashboard has a complex influence on the key performance
indicators in the library administration. As indicated in panel
A, the mean response time to an alert is very high in initial
operation cycles, but at later stages, the average response time
is stable with an average of 2 minutes, which implies
enhanced system reactiveness. In panel B, the accuracy of
demand prediction reaches a peak of almost 0.85, which is
then gradually stabilized, which shows the ability of the
predictive model to learn and adapt to the dynamic user
behavior. The panel C reports that the number of hours saved
in manual intervention per week is significantly increasing
with a steep rise reaching about 35-40 hours per week, the
focus is on automation effectiveness and a smaller staffing
workload. Lastly, panel D also illustrates the user
engagement score, or more to the point, it rises to the highest
point to a sharp point and then tapers off, suggesting that the
predictive and adaptive capabilities of the dashboard initially
increase engagement before it becomes stableAltogether
these tendencies support the fact that the degree of the
operational throughput, predictive reliability and efficiency

of interaction with users is considerably increased when the
implementation of data dashboard into operation is
conducted in libraries environment.

4.3 The Pro and Cons of Real-Time Dashboards in Library
Management Systems

Operational and strategic gains were also achieved through
the dashboards. They were enhanced control over the library
activities and processes, timely resolution of issues, rapidity
in the responsiveness of staff/user interaction, and resource
allocation efficiency. Active data-based resource allocation
was credited with maximized space utilization by more than
30 per cent in high-traffic locations. There were also
limitations to the dashboards. One of the biggest problems
was a lag in data in other systems, which led to delays in
updating data at times. In addition, predictive models
depended on the historical quality of the existing data which
rendered a significant influence on the quality of the models.
The fact that such digital infrastructure became a burden on
the resources of many libraries due to the high cost needed to
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deploy the required solutions became a problem. The ability
to change the staff was also an issue. The differences in data
literacy implied that not all the staff were able to use
advanced analytical representations and it was necessary to
provide further support and workshops to learn the required
skills. Alerts generated by automated systems also caused an
unnecessary action in certain instances, which was largely
mediated by model fine-tuning. Irrespective of these
limitations, overall, the findings indicate that real-time
dashboard aided by data science is a game changer to the
administration of libraries due to the enhanced efficiency of
operations, user satisfaction and holistic decision-making.

4.4 Performance Analysis and Throughput Analysis

The overall efficiency of the dashboard was also measured
using the response to the throughput, as well as the data
latency as the dashboard was tested at various loads. The real-
time throughput (7,.) was defined as the number of actionable
records that had been finalized and graphed during one unit
time and is as follows:

Ny (12)

T, =-t
TAt

where N, is the amount of events (transactions, user logins,
or circulation updates) that transpired during a time interval
60. The T, measurement of 10 in the middle of normal library
time meant that the dashboard would respond consistently
even at its busiest times and that the average 148 records/sec
and the standard deviation of 12.7 is the average 8 record/sec.
This means that the analytics engine and visualization layer
has a high capacity to support heavy streaming loads without
affecting the accuracy and promptness of data.

We also made a comparative test of latency (latency in
seconds between the point when we capture an event and
when it is displayed). Usable latency is defined as:
L.=T,—T, (13)
where T, is the time when the event was captured, and T, is
the time, the event is visualized. The dashboard implemented
asynchronous caching and parallel querying to ensure low

latency and allow for decision-making and data-driven
solutions based on near live data.

4.5 Operational Efficiency and Decision Effectiveness

To quantify operational efficiency, a composite Performance
Index (PI) was constructed using the linear combination of its
three  elements:  prediction accuracy, visualization
responsiveness, and decision timeliness:

RMSE )+ <1 L, )
RMSEpge) © 2\ Loax

n ( DTR ) 14
ws\prr,—)

PI :w1<1
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where w; are weighting factors that satisfy w; = 1.Based on
the calculated PI =0.87, the real-time dashboard system was
very reliable and responsive. In field implementation,
administrators detected anomalies quickly by monitoring
visual throughput. For example, when material return
throughput fell below the predicted baseline (Tb) by 15%, a
notification was automatically triggered, modeled as:

T, — T,
AT = b T

x 100% (15)

b

The percentages of 10 and above triggered automatic
reallocation of staff to balance the load and positively affect
the user satisfaction and waiting time.

4.6 Predictive Reliability and Decision Correlation
Assessment

To determine the model reliability a correlation test was
conducted between the predicted and actual outcomes. With
Pearson correlation coefficient:

(PP A=A
V(P — PY 3 (A - AY

where P; and A; signify predicted versus actual results,
respectively. The observed correlation (r=0.93) indicates
strong predictive validity. This indicates that administrative
behaviors based on dashboard predictions closely aligned
with actual system and operational activity, which supports
the prediction dashboard on data-driven decisions.

(16)

4.7 Interpretability for Throughput Consistency and
Scalability

The stability coefficient Sc was calculated to assess long-
term reliability of the system:

oT;

S =
‘ uT;

(17)

where oT, and uT, represent the standard deviation and mean
of throughput, respectively. The S.=0.91 means that there is
high consistency of the system over 48 hours of continuous
operation. Latency was found to increase by 7 percent when
data stream load was then doubled thus showing scalability
in the data-science architecture.

4.8 Findings Managerial Interpretation of Findings

The findings substantiate the fact that the synergies of real-
time data analytics and decision dashboards can be employed
to deliver the measurable improvements in the throughput
efficiency, latency decrease, and decision accuracy. The
predictive monitoring also helped library administrators to
preempt and they could act accordingly such as dynamic
staffing, automated resource allocation and reallocation of
the digital capacity. The fact of statistical and operational
indexes details demonstrates the fact that the dashboard is a
very productive and intelligent decision-support tool that



connects streams of real-time data with streams of managerial
data insights to be taken.

V. DISCUSSION

5.1 How the Findings will Affect Library Managers

The findings can offer an insight to a library administrator,
who is interested in the efficiency and automation of the
service delivery systems. The effective implementation of
real time decision dashboards demonstrated how data
enabled decision making enhances the accuracy, timeliness
and appropriateness of decisions made. Administrators
accessed always up to date information on the roles of the
library by using data science techniques, and this required the
use of proactive administration. The user traffic and behavior
evaluation predictive capabilities along with real-time space
occupancy monitoring capabilities allowed libraries to
enhance their staffing efficiency and operational efficiency
based on the resource allocation, in accordance with the
demand. Additionally, the use of predictive models and
pattern recognition algorithms changed the scope of strategic
foresight. Instead of working with monthly or quarterly
reports, the administrator received constant, real-time data
that could be analyzed to support decision-making. This
development further boosted responsiveness to the needs of
the users and improved satisfaction figures resulting from
reduced service access time. These results underline the
utility of dashboards in the management of libraries as they
provide evidence of better performance results and
operational automation through real-time data.

5.2 Suggestions for Enhancing the Effectiveness of Real-
Time Decision Dashboards in Library Management

Although the value of real-time dashboards is evident, their
effectiveness is based on careful execution and ongoing
enhancement. First, as noted, data dashboards should have
user-friendly graphical user interfaces so every staff member,
including the non-technical ones, can understand the data and
take the necessary steps. Adoption and usability cross
departmental boundaries, which assists with visual clarity,
customizable views, and intuitive navigation. Second, the
dashboard's accuracy hinges on the dependability and
consistency of data inputs. The libraries should also
incorporate all the pertinent systems into one infrastructure
which includes circulation databases, digital systems,
environmental sensors, visitor tracking tools etc. The model
accuracy and reduction of errors will be enhanced by building
of data cleansing and standardization processes. Third,
administrators must also hold frequent training on how to
decipher and utilize other output functions of the dashboard
to the other operational functions. Cultures that value the
delivery of data provoke employees to engage with analytics
and make suggestions on how to improve. In addition to that,
the deployment of algorithms which can change and improve
as time passes ensures that the dashboards can be used in
dynamic usage cases over an extended period of time.
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VI. CONCLUSION

The integration of data science down the verticals to library
administration-intensive  frameworks could be easily
identified through the application of real-time decision
dashboards. The respondents indicated that these dashboards
improved operational efficiency, enabled the opportunity to
make data-driven decisions, and improved proactive
interaction with users and patrons in the resources and
services of a library. Actionable insights enabled the staff
empowerment by enhancing efficient predictive analytics and
real time decision monitoring systems that reduced the time
spent on deciding the best course of action to be taken and
precision on the decision made. The analysis of the foot
traffic, resource utilization, and behavioral pattern of the
users allowed the administrators to optimize staffing,
enhance service delivery, manage space and digital
resources. In order to reiterate the thesis, this paper has found
that real time decision dashboards when incorporated well
into the data science models, ensure strategic and operational
benefits to library management systems. It is through such
dashboards that a transition can be undertaken towards highly
responsive systems instead of reactionary systems that
constantly shape themselves in response to the changes
caused by their users. The lessons learned in the dashboards
are not limited to administration as as libraries establish
themselves as digital-physical places, the lessons learnt top
the user specific interaction, resource allocation with
automation and data-driven innovation. All these dashboards
derived to act as building blocks in the restoration of the
purpose functionalities of libraries, which is to serve the
people, which is continuously changing with the advent of
information technology. Real-time decision dashboards are a
product of the modern world as it represents a new beginning
of the expected change.
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