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ABSTRACT

This paper aims to develop a concept of utilizing an Al-based predictive model to address why early signs of patient condition
worsening go unnoticed in nursing care. It was also found that most of the monitoring activities employed in the hospital
context do not provide an early warning sign for a poor outcome for the patient and consequent increased workload of the
nurse. In the conduct of the study, the authors used both gquantitative and qualitative techniques, and a new RNN model was
developed and implemented using electronic health records for developing deterioration risk assessments. Causal analysis
supported the probability of the model to predict outcomes in other patients while descriptive analysis described the perceived
easy use of the model as adopted by the nursing staff and the specific ways and times when it would be used in their working
practice. The progressed model yielded an average ROC-AUC of 0.89 for the detection of clinical cases with a parallel
decrease of response time for clinical alert by 15 % enabling the nurses to focus more on high-risk patients. The subjective
beneficial results obtained from the qualitative feedback in the descriptive part include the ability of the model to enhance
objectives, situational awareness, and decision making though this was attributed to some occurrences that were found to
give out false positives and therefore required some enhancements. From the above discovery, the argument may be made
that Al improved patient care outcomes due to the capability of the system to deliver evidence-based proactive nursing
interventions and reduce instances of preventable adverse outcomes. Thus, it is proposed that the model be adopted in several
clinical projects to study the chronic impact on the final patient outcome. Therefore, it can be argued this study contributes
to the literature on knowledge enhancement on the use of Al tools in enhancing nursing practice to enhance quality and safety
within acute healthcare facilities.

Keywords: Al-powered predictive analytics, Patient deterioration, Early detection, Nursing care, Clinical decision support,
Machine learning in healthcare

1. INTRODUCTION

In healthcare, early detection of patient deterioration is critical for preventing adverse outcomes, especially in high-acuity
environments like intensive care units (ICUs) where prompt intervention can significantly improve patient survival rates
(Mahesh & Nuthana, 2023). Traditional patient monitoring systems, although valuable, often rely on threshold-based alerts
that are reactive rather than proactive, which can lead to delayed responses (Brown et al., 2021). Nurses and other healthcare
professionals are frequently overburdened by these alarms, which may result in "alarm fatigue,” reducing their sensitivity to
important signals and potentially compromising patient safety (Almagharbeh, 2024).

Artificial Intelligence (Al) and predictive analytics are emerging as transformative tools in healthcare, providing the ability
to continuously monitor and analyze vast amounts of patient data to identify patterns indicative of deterioration before
symptoms become critical. By leveraging machine learning models, such as deep learning and recurrent neural networks
(RNNSs), predictive analytics can enhance the accuracy and timeliness of clinical alerts, enabling healthcare providers to act
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earlier in preventing adverse events (Johnson et al., 2020). These models can process data from multiple sources vital signs,
lab results, and historical patient records improving prediction precision compared to single-variable thresholds (Zhang et
al., 2019). Despite these advancements, integrating Al tools into clinical settings presents practical challenges. Key issues
include ensuring interpretability and reliability of predictions, as well as maintaining clinician trust in Al-driven alerts
(Schoenbaum et al., 2024). Ethical considerations, such as data privacy and algorithmic bias, are also critical, particularly
when models may inadvertently perpetuate disparities in healthcare if not carefully designed and validated (Roberts et al.,
2020). Moreover, the "black-box" nature of many Al models can make it challenging for healthcare providers to understand
and trust these systems fully (Cohen et al., 2014).

This study aims to address the gap between technological capabilities and practical application in nursing practice. By
developing an Al model tailored for early detection of patient deterioration, this research seeks to empower nurses with
reliable, actionable insights that enhance clinical judgment and decision-making at the bedside. Specifically, the model's
design considers real-time integration with Electronic Health Records (EHR) and a user-friendly alert system to aid nurses
in prioritizing patients at higher risk, potentially reducing response times and improving patient outcomes (Cohen et al.,
2020). Integrating such tools within the nursing workflow has the potential to not only improve patient care but also to reduce
cognitive load and enhance situational awareness among nursing staff (Walker & Lee, 2022).

In summary, the primary objectives of this research are to develop and validate an Al model that can accurately predict early
signs of patient deterioration and to examine its implications for nursing workflows. The anticipated outcome is a reduction
in preventable adverse events, enhanced patient safety, and support for nursing teams in delivering high-quality care through
innovative, data-driven interventions. This work contributes to the growing body of literature on Al in healthcare, providing
insights into how predictive analytics can be effectively integrated into acute care settings to support proactive, patient-
centered care (O’Connor & Mistry, 2021).

2. LITERATURE REVIEW

The use of Al and predictive analytics has increased significantly in recent years in patient care and particularly in identifying
signs of clinical worsening. Scholars have continuously turned their lenses toward understanding the potential of Al in buddy
care, especially in intensive care settings where first-line intervention may enhance the quality of patients’ lives (Mahesh &
Nuthana, 2023). These literature considerations present an outline of earlier studies’ works, methods, and theories on which
this field is based, as well as revealing areas of concern, conflicts, and controversies associated with artificial intelligence in
nursing care.

2.1 Overview of Al in Healthcare for Predictive Monitoring

Early studies on Al-powered monitoring systems in healthcare have demonstrated promising results in enhancing clinical
decision-making by analyzing complex datasets. For instance, Johnson et al. (2020) showed that using machine learning
models, sepsis could be predicted with high accuracy some hours before the development of clinical signs prompting
intervention and consequently, a decline in mortality rates. Like in cardiovascular arrest and respiratory failure models, early
warning systems based on the former are useful in identifying the faint early changes that a clinician may miss through
routine patient checking (Brown et al., 2021).

Nevertheless, with all these improvements achieved so far, there is little evidence-based literature targeting Al models’
effects on nursing care delivery and decision-making. Although prior literature has demonstrated the potential of PA to
enhance general patient surveillance, there is an acute lack of evidence regarding how these technologies shape nursing
practices, including workload, decision-making, and interactions with patients (Schoenbaum et al., 2024).

2.2 Theories and Methodologies in Predictive Analytics for Healthcare

Predictive analytics in healthcare often employs a variety of machine learning techniques, including logistic regression,
support vector machines, and, more recently, deep learning methods. All these methodologies are useful and come with a
unique system of their advantages and limitations. For instance, models such as logistic regression and decision trees create
interpretability, which is vital in a clinical environment where such information enriches both credibility and implementation
across the medical fraternity (Xu et al., 2021). On the other hand, deep learning models albeit more intricate provide a better
performance than linear models in capturing patterns of nonlinearity and are especially useful in detecting signs of decline
(Zhang et al., 2019).

One of the most important theoretical concepts that support modern Al-based healthcare initiatives is the Systems
Engineering approach that focuses on Al as an element of the system as a whole. Research shows that accuracy in predictive
models improves only when these models take into account the clinical experience of the practitioners and work schedule
(Adnan et al., 2020). This approach supports consideration of the compatibility between the Al application and the nursing
practices as a critical factor in achieving optimum results.
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2.3 Gaps in Research: Nurse-Specific Al Applications

Despite a vast literature that has explored various aspects of using and building models of predictive technologies, few
published papers have explored the effects of these technologies on the nursing process. Nurses can not only identify the
need for physical changes but the patient’s condition is their first line of defense in identifying any negative changes in the
patient. Thus, there is concern regarding how the Al-driven alert is integrated within the existing relative nursing workflow,
prioritization, or even decisions about action (Almagharbeh, 2024).

Furthermore, studies provide a primary focus on the effectiveness of the models in terms of the accuracy of the results
achieved while neglecting the usability of models from the end-user point of view. This gap is particularly important as Al
tools won't be useful when implemented if the users do not accept it and integrate it into their everyday lives. Current research
indicates that decision aids that cannot be easily understood or explained to nurses and their patients are likely not to be used,
even when they would be effective at enhancing client care outcomes (Walker & Lee, 2022).

2.4 Current Trends and Debates

A prominent trend in Al for healthcare is the increasing emphasis on ethical considerations, particularly regarding data
privacy and algorithmic bias. Preventive models developed with past healthcare data might exacerbate existing bias to
provide unfair or discriminative treatment to black patients (Roberts et al., 2020). For instance, there is a great concern about
how machine learning models should operate to rest with clinical practices and whether they should operate in an opaque or
transparent manner. The frontline providers such as nurses likewise reveal reluctance when it comes to Al tools whenever
they cannot explain the results predicted by the particular tool which is otherwise referred to as the black-box problem (Cohen
et al., 2014).

In addition, the contemporary approaches present a “human-in-the-loop” approach or suggest that the developed Al solutions
shall assist rather than replace the professional’s judgment. This view is similar to the concept suggesting that Al should
complement nursing work by improving nurses’ time-sensitive perception and decision-making and not challenging their
authority (O’Connor & Mistry, 2021).

2.5 Conclusion and Identified Gaps

It is concluded that there is a potential for the application of Al methods for the early detection of patients’ deterioration
while the corresponding effect on nursing activities remains an important research question. There is relatively little current
research about how these models are implemented and used within practice by nurses. Future research should indeed fill this
research gap by analyzing ERP implementation in a nursing environment by assessing factors such as interpretability, ease,
and adoption among nurses among others.

From this literature review, one gains a good appreciation that future research should be conducted them consisting of
technology and humans in conveying deployment of Al models. Filling these gaps will be critical in the development of Al
solutions that are effective as far as their accuracy is concerned and also effective as far as supporting nursing practices is
concerned.

3. METHODOLOGY

This research work uses the mixed-methods research approach to build and test the quantitative Al-supported model for the
early identification of patients’ deterioration in nursing care environments. The selected approach uses quantitative analysis
to develop and assess the predictive model and qualitative analysis to explain its impact on the clinical practice of nursing.
Used methodology =Choosing a mixed research design was important in providing a broad approach to answering both
technical-economic questions that are specific to the performance of the explicit Al model and questions related to acceptance
or efficiency of being incorporated into the nursing system (Creswell & Plano Clark, 2018).

3.1 Research Design

The research design is structured into three phases: model selection and qualification and measure of the model quality.
During the first phase, a retrospective cohort study is conducted to build and validate the predictive model based on electronic
health records to detect potential signs of clinical decline. The second step of the model involves validation that evaluates
the ability of the given model to accurately predict the outcome of a new dataset. The final phase is a qualitative one where
the consequence of the model on the nurses’ practice, acceptation, and implementation in real practice settings are explored
via semi-structured interviews with the enrolled nurses.

This sequential design enables a broad understanding of model performances and their applicability in nursing contexts while
adhering to the refined guidelines for the development and evaluation of predictive models in a healthcare setting (Steyerberg
et al., 2019).

3.2 Data Collection Methods

Quantitative Data Collection: This quantitative part of this research uses an extensive database of anonymized patients’
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clinical records from a tertiary care hospital. The information in this set is demographic data, physiological parameters, other
measurements and findings, and some notes. The sample included only those patients who had a major clinical decline, e.g.
sepsis, cardiac arrest, or respiratory failure, and the control group of patients who did not have a similar deterioration, to
refine the model and its applicability to the given research question (Johnson et al., 2020).

Sample preparation was also carried out to eliminate noise and bias, which consisted of handling missing data, scaling of
numerical fields, and text cleanup of stringish clinical narratives. Data were measured at least once an hour to elucidate
temporal variations that might point to other nuances of a patient’s status. Data quality calibration was conducted routinely
throughout the stages of data acquisition to improve the quality of the inputs needed by the machine learning models (van
der Heijden et al., 2018).

Qualitative Data Collection: During the qualitative phase, face-to-face semi-structured interviews were administered to a
purposively selected 20 registered nurses working in acute care and critical care. This sampling approach was chosen to
capture handy human subjects who can think and act in cases involving patient observation and early signaling mechanisms.
Several questions in the interview guide related to the model included questions on ease of use of the model, perceived
accuracy of the model, and its effects on present and future nursing work. All interviews were conducted and later tape-
recorded, and free from identifiable information to ensure participant anonymity.

Quantitative data collection was paramount in this study to estimate the real-world implications of the predictive model
proposed from a nursing standpoint to identify enablers and barriers to the use of the tools from the nursing knowledge
perspective as in several Al studies, the end user’s perspective is often overlooked.

3.3 Data Analysis Techniques

Quantitative Analysis: The quantitative analysis process was done using the coding software Python with the help of
software Scikit-learn and TensorFlow. To check the model accuracy the dataset was divided into training (70%), validating
(15%), and testing (15%) data sets. Several feature selection techniques are applied, such as logistic regression, random
forests, and deep neural networks. Due to the nature of patient deterioration, a deep learning model with recurrent layers was
thus adopted once again because temporal information is fundamental when analyzing patient deterioration in which time
series data are captured as a result of the progressive evolution of patient conditions (Goodfellow et al., 2016).

The outcome of the model which includes accuracy, sensitivity, specificity as well as the area beneath the ROC curve were
used as assessment measures. All these metrics offer a good measure of how well the model is placed to give accurate alerts
on patients who are likely to deteriorate together with avoiding needless alerts. For further strengthening the model’s
performance, cross-validation was also used to improve reliability as well as the construction of the model (Brown et al.,
2021).

Quialitative Analysis: Thematic analysis as described and explained by Braun and Clarke (2006) of the data collected during
the interviews was used to analyze the data. The current study employs this inductive research design which enables the
development of themes without prior Setup of paradigmatic categories. This approach allows us to gain the participants’
perceptions and perspectives on the usefulness and integration of the Al model into practice.

This study followed a code of two researchers who separately coded the transcript of the interviews regarding the artifacts;
any differences were then discussed for credibility. Technical features were defined and characterized by key themes such
as usability, perceived precision, impact on workload, and possible ethical issues. The qualitative data collected for this study
were analyzed using NVivo software, thanks to which the themes could be accurately organized and sorted, thus guaranteeing
that the whole analysis would be more systematic (Creswell, 2014).

3.4 Tools and Instruments
Several tools and instruments were utilized in this study:

e Electronic Health Record System: De-identified patient data was obtained from the hospital’s EHR, which
provided comprehensive clinical information for developing the predictive model.

e Python (Scikit-learn, TensorFlow): Python was chosen for data analysis and model development due to its
versatility and wide usage in machine learning research.

e NVivo: This qualitative data analysis software facilitated the thematic analysis of interview transcripts, aiding in
coding and organizing themes effectively.

The integration of these tools enabled an accurate and systematic approach to analyze both qualitative and qualitative data
and meet the study goal of building and testing the practicability of the proposed model.

3.5 Justification for the Chosen Approach

The utilization of both qualitative and quantitative methods is advantageous since it allows us not only can assess the
accuracy of the Al model but also to investigate the potential effects it may have on the practice of nursing. Metrics on model
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performance are given in terms of quantity hence addressing the technical dimension of early detection from quantitative
analysis while qualitative data gives insight on real-life applicability from a human end hence, addressing how clinical
integration can be well accomplished in the future from the human end (Files, 2006 Creswell & Plano Clark, 2018). This
multi-tiered approach also echoes modern hegemonic approaches to HTAs, noting that the efficiency of specific health
technologies should by no means be divorced from how they are used in practice (Steyerberg et al., 2019).

In conclusion, accuracy as well as the clinical model are encompassed in this methodological framework for analyzing the
role of Al in delivering nursing care. Both of these goals are essential to achieving the objectives that define patient-centered
artificial intelligence in the healthcare industry.

4. Al MODEL DEVELOPMENT AND TRAINING

The development and training of the Al-powered predictive model for early detection of patient deterioration followed a
structured approach, incorporating data preprocessing, feature selection, model architecture design, and iterative training to
ensure robustness and clinical relevance. Given the complexity of clinical data and the need for high predictive accuracy, we
employed a recurrent neural network (RNN) model with long short-term memory (LSTM) layers, a structure proven effective
for analyzing time-series data in healthcare applications (Cho et al., 2014).

4.1 Data cleaning and Transformation

Cleansing of the data was therefore required to handle missing values, outliers, and inconsistent observations that frequently
occurred in clinical records for deriving a dependable model to raise the prediction foundation. The data used in this study
was collected in a manner that removed all identifiable patient information, major demographics past medical history, and
vital signs for patients admitted to critical care units. Regarding feature engineering, features were chosen based on previous
scholarly works naming essential signs indicating patients’ deterioration, which include heart rate, respiratory rate, blood
pressure, temperature, and essential lab results (EI Morr et al., 2024).

Due to missing values, multiple imputation procedures were applied and all the imputed values were cross-checked.
Furthermore, time series data; e.g., hourly vitals, were normalized to rescale the inputs to a common range with main
advantages in improving the fitting of the model (Steyerberg et al., 2019). By mapping out related clinical events on time
sequences the model could identify early signs of patient decline usually captured on temporal slopes.

4.2 Feature selection and feature dimensionality reduction

The selection of features was based not only on clinical expertise but on statistical procedures as well which identified
significant relationships with overall patient performance. Feature selection was done and PCA was used to delete any of the
redundant features that could bring in high noise levels as well as high levels of overfitting measures. This approach has been
beneficial in enhancing model interpretability, and guaranteeing that the most important features are considered during
prediction (Xu et al., 2021).

We also used recursive feature elimination to analyze the effects of the variables on prediction accuracy to support the results
from the feature importance analysis. Eliminating features not important to the final decision helped to improve the model
and reduce the time required to complete calculations while at the same time maintaining important data needed for early
warning predictions (Brown et al., 2021).

4.3 Model Architecture: RNN with LSTM Layers

As the clinical data consists of a time series, an RNN model was chosen for the study with LSTM layers. Healthcare
predictive tasks are well suited for LSTMs because they can retain long-term dependencies, which in many diseases and
conditions involve gradual changes over time (Goodfellow et al., 2016). The model was used to predict the deterioration of
patients and the sequence of data in the model meant that even if the signs of deterioration were minor, the model captured
them.

The model architecture comprised two LSTM layers, with 128 units each, and the final dense layers to transform LSTM
outputs to probability scores of patient deterioration. Also due to the problem of overfitting, while using LSTM in this work,
there was a dropout layer between the LSTM and the fully connected layer which was used in randomly dropping out some
units during the process of training for minimizing overfitting (Srivastava et al., 2014). The last layer used sigmoid activation
to compute the chances of deterioration in the next 12 to 24 hours and provided healthcare givers with priority patients.

4.4 Model Training and Evaluation

To train the model 70% of the data was used and the balance 30% of the data was divided in equal parts between validation
and test data. During training, the model’s hyperparameters including learning rate, batch size, and number of epochs were
set by using grid search methods. In this study, cross-validation was carried out to check the ability of the model to perform
well in other subsets of the data (Roberts et al., 2020).

Workshops and seminars were carried out applying Python’s TensorFlow and Keras frameworks as they enhance model
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deployment and calibration. The Adam optimizer was adopted for weight updating because of its capability to handle sparse
gradients and has been observed to converge very fast Kingma & Ba, 2014). The model fitness for the clinical decision-
making purpose was determined using clinical prediction model metrics such as the sensitivity, specificity, and area under
the curve of the receiver operating characteristic (ROC) curve. These metrics were selected based on the requirements of the
analyses for both high sensitivity (to identify deterioration) and high specificity (to avoid false alarms) in the clinical
environment where over-alerting can significantly affect the nurse’s work experience (Cohen et al., 2014).

4.5 Model Evaluation and Model Tuning

Cross-validation results with other hyperparameters were obtained to fine-tune the solution and provide several iterations to
achieve the needed accuracy. As for avoiding getting overfitting particularly due to a relatively high dimensionality of clinical
data, regularization techniques such as L2 regularization were employed. Each time the training ended, the model was tested
on the validation set to be sure that the training improved the results and did not overfit.

To ensure that the model could generalize well the model was tested on an independent test set after a satisfactory validation
set performance was obtained. The full model converged to an AUC of 0.89, sensitivity of 85%, and specificity of 82%.
These results imply that the suggested model successfully captures the earlier signs of deterioration and has a reasonable and
acceptable number of true and false positives.

4.6 Rationale for the Selected Method

To address this issue, an RNN with LSTM layers was adopted because time series data is a significant component in
identifying gradual temporal shifts in patients’ conditions (Goodfellow et al., 2016). It is especially beneficial to use LSTMs
in healthcare applications as the measurement of deterioration that might happen over hours or even days where LSTM's
ability to remember long-term dependencies proves to be useful (Cho et al., 2014).

Another factor that helped the model to perform well was the addition of a data preprocessing and feature selection stage
that helped filter out all the clinical predictors and only allow clinically relevant ones that may warn of patient deterioration.
In addition, to improve model validity and reduce the risk associated with overfitting, which is characteristic of high
dimensional predictive healthcare models, we applied cross-validation and L1 regularization respectively.

Collectively, the building and training of this novel Al-based pattern recognition model incorporated suitable data pre-
processing, and selection of higher generic machine learning algorithms, and paid special attention to time-based analysis
employed by LSTMs for high levels of predictive proficiency. This model is a positive addition to early warning systems
and gives valuable information for immediate strong actions regarding nursing care.

5. IMPLEMENTATION AND INTEGRATION INTO NURSING PRACTICE

Al-assisted predictive analytics represents one of the greatest opportunities for nursing practice; thus, its integration into
nursing practice should be done bearing in mind the technological and actual requirements of the flow of work of nursing.
This section describes how we went about incorporating the model in clinical practice, as well as making it as useful as
possible to the nursing staff. Sub-consideration includes integration of the model in the current clinical systems, preparing
the nurses for the use of the model and management of possibilities challenges for instance alert fatigue and trust in the Al-
generated predictions.

5.1 Embedding Al in Clinical Workflows

To help enhance nursing care, the model was integrated in real-time with the hospital EHR platform so that accurate
predictive alerts can be accessed within the normal course of work. Implementing the model into EHRs guarantees that
prediction is present where nurses work with the patient information, thus avoiding the need for different applications or
steps (Cohen et al., 2020). By embedding the alerts within the clinical documentation and monitoring interfaces, deterioration
alerts can be presented together with other necessary data of the patient to improve awareness and enable efficient response
to the alert.

Further, the model was designed to generate the risk scores of patient deterioration in a predefined interval, and the risk
identified by the model is depicted using traffic color based on a scale. Some studies have noted that one can learn from the
findings that using such visualizations increases the speed of understanding and response to the data by frontline workers
(Xu et al., 2021). To this end, this design aims for the degree of non-invasiveness and integration into the existing structures
that are inherent to effective Al implementation in stressful settings such as ACUs.

5.2 Nurse Training and User Engagement

Training nursing staff to effectively use Al tools is essential for successful implementation. A targeted training program was
developed to help nurses understand the model’s purpose, operation, and limitations. Training sessions included hands-on
demonstrations, scenario-based learning, and discussions on interpreting predictive scores within the broader clinical context.
Emphasizing that the model is designed to support, not replace, clinical judgment helped nurses feel empowered rather than
undermined, addressing a common concern with Al adoption in healthcare (O’Connor & Mistry, 2021).
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Involving nurses in the development and refinement of training materials increased user engagement and helped identify
areas where additional support was needed. This participatory approach aligns with best practices for technology
implementation, which suggests that early and ongoing user involvement fosters ownership and acceptance (Adnan et al.,
2020). Nurses were also encouraged to provide feedback on the model’s usability and alert relevance, with adjustments made
to improve the model’s clinical alignment and practical utility.

5.3 Addressing Alert Fatigue and Reducing Overreliance on Al

The major concern of using predicted models in the context of nursing practice is the issue of alert fatigue. These results
indicated that the alarms and notifications delivered by WiseSM for patients in the CCU could be overwhelming or irrelevant
and that an excess of alarms might decrease the nurses’ sensitivity to important alarm signals. To overcome this, the model
was fine-tuned to provide alerts only when future health risk is very high and requires attention from the subject. These
tunable parameters were set prudently by the comments of the nurses and trying to reach the minimum percentage of false
positives, and sufficient predictive ability of the proposed approach (Cohen et al., 2014).

Moreover, the training covered the fact that Al predictions should not replace clinical reasoning but rather should be used as
complementary information. Nurses were also taught to use the model as another tool they could refer to, which always
maintained their authority and experience as the human-in-the-loop approach suggested in many modern healthcare Al
applications (Roberts et al., 2020). This approach keeps the nurse involved and making the decision thereby utilizing the
predictive analytics data, and real nurse judgment.

5.4 Monitoring and Continuous Improvement

After the implementation, a monitoring system was set up to control the effectiveness of the model and the continuous
assessment of the nursing staff’s feedback. Monitoring occurs in the processes that involve constantly assessing the degree
of accuracy and response time of the alert and patient outcomes related to Al-suggested action. Semi-annual feedback
obtained from the nurses makes it easy to modify the model to address emerging issues encountered in clinical practice
(Schoenbaum et al., 2024). This iterative refinement process is important because characteristics of the healthcare
environment and profiles of patients may evolve over time and hence, the performance of the model may need to be updated
(Brown et al., 2021).

The combined team of data analysts, physicians, and nursing directors analyzes feedback and performance results every
quarter. This organizational structure makes it convenient to adapt model parameters or the alerts’ configuration in real-time
to address any forming issues in the longest time possible thus increasing its sustainability (Adnan et al., 2020). Further, they
encourage a positive feedback loop for organizational learning and improvement because they continually assess and adapt
to new ways of healthcare technology-supported innovations.

5.5 Ethical and Privacy Considerations

Governing Precision Medicine, it is obligatory to strive for achieving ethical integrity combined with patients’ confidential ity
while generating predictive models. This is because most of the data utilized in the predictive models is inclined to be patient-
related and therefore HIPAA and institutional guidelines are obeyed. We only used aggregated data for model derivation,
and patient-level’ level predictions are only available to clinicians (Roberts et al., 2020). Matters of patient confidentiality
were discussed with the nursing staff to remind them of the protection provided to their patient’s identities in the model, to
help foster credence in the technology.

In addition, to avoid issues of bias there was enhanced verification of the model using other patients to ascertain fairness
across most demographics. The output from models, therefore, needs to be audited periodically to assess whether it contains
any bias that was not intended and can be corrected to promote equal treatment for patients (Almagharbeh, 2024).

The processes of adopting and incorporating this Al-aided predictive model within nursing practice, fulfill a multi-faceted
plan that was developed with concern for ease-of-use, clinician entrenchment, and patient safety concerns at its core. Through
the integration of the model within the current structure of the EHR, incorporating training across the nursing team, and
managing a significant issue of alert fatigue, the initiative enables the nurses to plan and intervene earlier. Upcoming
maintenance and ethical promotion of the model also increase the elements of stability and adoption within the clinical
environment, making the model a valuable tool that can improve the nurse’s ability to identify patient rescinding at an early
stage.

6. RESULTS

This section presents the conclusions of the study concerning the algorithms’ ability to predict a patient’s state to early
identify patient deterioration, the assessment of the introduced Al model on the working processes of nurses, the result of
the questionnaires, and opinions of the nursing staff. The performance of developed models was assessed through statistical
analysis and the qualitative data gathered was used to elicit the perceptions of nurses about the incorporation and usability
of the proposed model. Quantitative findings are offered below, accompanied by descriptive analysis as well as qualitative
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data.
6.1 Predictive Model Performance

The Al model proved to be accurate in prediction by being able to detect early patterns of patient worsening in the ICUs.
Sensitivity, specificity and the area under the receiver operating characteristic (ROC) curve were used to compare the ability
of the model to correctly identify deteriorating versus non-deteriorating patients.

Metric Value
Sensitivity 85%
Specificity 82%
ROC-AUC 0.89
Positive Predictive Value (PPV) | 83%
Negative Predictive Value (NPV) | 84%

The performance of the developed model measured a good ROC-AUC of 0.89, which further approves the capability of the
proposed model in identifying early signals of deterioration. The probability of failure to detect an abnormality was
considered critical hence 85% sensitivity was adopted while the probability of an alarm when no problem existed was also
considered crucial, therefore, an 82% specificity was used. A high PPV of 83% meant that the common alerts among patients
predicted by the model were relevant to patients most likely to deteriorate, thus increasing the clinical usefulness of the
predictions.

ROC Curve for Al Model Performance
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Figure 1: ROC Curve for Al Model Performance

Figure 1 shows a relationship between sensitivity and specificity is given below. This may as well be the reason why the
AUC is very high since the model is very efficient in picking real deterioration events while at the same time minimizing the
false alarms.

6.2 Impact on Nursing Workflows

Various changes were observed in the aspect of nursing activities through the use of the predictive model; of particular
concern was the ability to monitor and respond to high-risk patients. Nurses also said that there was a general improvement
in situational awareness in that 80% said that the alerts generated by the model helped them improve their ability to prioritize
the care of the admitted patients. The results from the analysis of the response times in terms of clinical activities indicate
that the time spent on interventions was 15 percent less for patients flagged by the model than for the remaining patients who
were not flagged by the model.
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Table 2: Comparison of Response Times Before and After Model Implementation

Metric Pre-Implementation | Post-Implementation | % Improvement
Average Response Time (minutes) | 12.5 10.6 15%
Cases with Immediate Intervention | 64% 76% 12%

These findings indicate that the model effectively supported nursing staff in identifying and responding to deteriorating
patients more promptly, potentially contributing to better patient outcomes.

Comparison of Average Response Times

12.5 mins

12

10

Average Response Time (minutes)
[+)]

Pre-Implementation Post-Implementation

Figure 2 analyses the average response time in clinical interventions before adopting the Al model and after adopting the
model. The number of minutes taken to respond to flagged patient notifications also came down from 12.5 minutes to 10.6
minutes after the implementation of this solution — which suggested an increase in the efficiency of responding to flagged
patients by 15%. This reduction has evidential strength of the model about the favorable effect it has on the nursing decision-
making process, as this allows the provision of high-risk priorities to be responded to more quickly.

6.3 Nurse Feedback on Model Usability

Qualitative feedback was collected from 20 nurses through semi-structured interviews, with responses analyzed to
understand the model’s usability and perceived value in clinical practice. Key themes identified included ease of use,
relevance of alerts, and impact on clinical judgment.

e Ease of Use: Nurses reported that the model was easy to use, particularly due to the integration within the existing
EHR system. Over 90% of participants indicated that the model’s color-coded risk levels were helpful in quickly
assessing patient status.

e Relevance of Alerts: Approximately 75% of nurses felt that the alerts generated by the model were relevant and
aligned with their clinical observations. However, some nurses noted occasional false positives, emphasizing the
importance of balancing sensitivity and specificity in predictive models.

e Impact on Clinical Judgment: Nurses expressed that the model complemented, rather than replaced, their clinical
judgment. Many participants noted that the model helped them feel more confident in prioritizing care for patients
identified as high-risk.

Table 3: Summary of Nurse Feedback on Model Usability

Theme Positive Feedback (%) | Areas for Improvement

Ease of Use 90% Minor interface adjustments suggested
Alert Relevance 75% Occasional false positives

Clinical Judgment Impact | 80% Reinforcement of decision-making
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Nurse Feedback on Model Usability

Clinical Judgment Impact | 80%

Alert Relevance 75%
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Figure 3 provides exposure to the qualitative attitude of the nursing staff about the Al model that was implemented in the
EHR system. Concerning satisfaction, the nurses reported higher ease of use 90%, and the relevance of the alert was 75%
Nurses also said that the degree to which the alert had influenced their clinical judgments positively was 80%. The feedbacks
show that the design of the model is congruent with clinical processes and supports nurses in recognizing and triaging the
patients. Although the current study identified several potential artifacts, the nurses considered the alerts to be helpful and in
line with clinical best practices. As such, this feedback speaks to the practicality of the model, the role it plays in increasing
awareness of the situation around the patient, and the recognition of Al in nursing practices.

6.4 Statistical Significance Testing

To verify the model’s effectiveness in improving clinical outcomes, statistical tests were performed comparing pre- and post-
implementation metrics, such as response time and intervention rates. Paired sample t-tests indicated a statistically significant
reduction in response time post-implementation (p < 0.05), confirming that the model facilitated quicker responses to high-
risk patients. Similarly, the increase in immediate interventions was statistically significant, suggesting that the model
positively impacted clinical decision-making.

It was revealed that the Al-based predictive model used in the study had statistically high predictive accuracy to the naturally
occurring data, integrated well into the formalized nursing process, and was accepted by the nursing staff. The test results
justified its applicability as its response time increased and also achieved a higher ROC-AUC score, thus, as per clinical
requirements. Quantitative measures included increased satisfaction, while preventive behavior was evidenced by qualitative
feedback about the model's usefulness and contribution to improved situation awareness and prioritization of tasks among
the nursing staff.

The implementation of this predictive model in clinical practice advances nursing practice in specific ways highlighting that
incorporating Al interventions offers a significant opportunity for the proactive care of the patient. These insights imply that
automated algorithm-supported, Al-derived predictive analytics can be instrumental in early warning signs identification of
patients’ clinical decline that can benefit patient outcomes as well as enhance nurses’ effectiveness.

7. DISCUSSION

The findings of this study complement the literature in this topic area to show that Al-based predictive tools are beneficial
for alerting healthcare professionals to the potential deteriorating status of patients. In line with Johnson et al. (2020) who
established that predictive analytics can predict important incidents such as sepsis in ICU environments, the constructed
model proved highly precise with a 0.89 ROC-AUC of precision. The sensitivity of 85% and specificity of 82% show that
the model maximizes the number of true positives with the minimum false positives, a feature that has been noted in similar
well-performing early warning systems by Brown et al. (2021).

Our findings also confirm the hypothesis that PA can have an effective influence on the elements of nursing care processes
by getting rid of potential bottlenecks caused by restrictive scaling of algorithm responses. This outcome aligns with earlier
studies including that of Adnan et al., (2020), who concluded that automated and data-driven predictive tools, embedded in
an EHR system could enhance the time-sensitivity of clinical decisions. The findings of this study showed that response time
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was reduced by 15% and immediate intervention was increased by 12% not only giving practical solutions but improving
the immediacy of responses for better situational awareness for the nursing staff.

That said, this study also identified some inherent limitations that have been apparent in most predictive healthcare models
and these include sometimes inflated false alarms which some of the nurses pointed out. There has been some literature on
this subject, as Roberts et al. (2020) assert that the issue is that, for an ideal model, there should be a balance between high
sensitivity and avoiding fatigue of alerts. This feedback underscores the importance of constant tuning and usability of such
systems in addressing clinical correlates of their predictive accuracy and ease of use.

7.1 Implications for Nursing Practice and Patient Care

The successful implementation of this Al-based model in the nursing practice has some significance and implications for
nursing practice and patient care. First, the model improves the orientation to the environment, allowing distinguishing
patient risks and directing attention to them. This prioritization is particularly important in an acute care context as early
intervention provides a means by which to avoid complications and reduce mortality statistics. Apart from that, it also means
that the model helps to share information about the patients and can contribute to the decrease of the nursing staff’s cognitive
load and, as a consequence, increase their confidence in the clinical decision-making process.

Furthermore, it exposes the potential of using predictive analytics to decrease response and intervention rates as well as the
duration of the hospital stay and overall healthcare costs. This is particularly desirable from a healthcare perspective since
deterioration is accurately defined as events that need to be intercepted and does not necessarily equate with a healthcare
goal of increased admission rates and bed days or occupancy rates (Cohen et al., 2020).

7.2 Limitations and Future Directions

The study has its limitations despite resulting in desirable learnings. However, more specifically, the treatment, validation
and testing of the model was done in only one hospital environment thereby reducing its transferability and applicability. It
is hoped that similar studies should be carried out in other healthcare clinical settings and with patients from different
population groups to establish the full potential of the current model. Moreover, although, the model for demo purposes had
high accuracy in capturing the deterioration patterns, false positive alarms at times caused alert fatigue amongst the nursing
staff. This is a typical problem in predictive healthcare systems, and supports the need for continuous threshold monitoring
with alert recalibration and sensitivity/sparsity tuning with engagement of end users to strike the right balance between alert
relevance and feasibility. Control evaluations were also rather brief and did not provide sufficient information on the
consequences of the system on patients’ status and on the real processes of the nurses. The approach used to assess the
predictive models requires improvement and integration as a way of capturing how the solutions are transforming healthcare
practices and patient safety.

Future research could enhance model effectiveness and acceptance through several strategies: validating different from other
geographically situated hospitals so as to increase heterogeneity; examining flexible models that let distinct thresholds for
the alerts because of alert system exhaustion; and conducting long-term research to assess whether the Al improved patient
outcomes are consistently maintained in the long-term future. Moreover, fundamental questions about the relationship
between nursing staff and Al should be examined including ethical and psychological implications of the technology,
including trust, autonomy and prejudice. Last, human-centered design approach spearheaded by the user interface as well as
EHR integration might lead to greater acceptance and usability. These outcomes present the possibility of using predictive
analytics to improve resource allocation about patients requiring the most nursing care in order to as offer support for optimal
decision making. The next research should focus on personalization, as well as on the best and safe use of Al to promote
accurate patient-oriented preventive services.

8. CONCLUSION

This paper discusses an intelligent predictive computing system in the early identification of patient risk factors for
deterioration with good predictive validity of 0.89 ROC-AUC and enhanced timely and efficient response to the advances of
nursing staff. An 85% sensitivity and an 82% specificity were achieved thereby providing accurate alerts while avoiding
false positives which aids more anticipatory, more evidence-based decision-making in nursing practice. The following
change(s) to practice was identified by the nurses: The model improved situational awareness and efficiency to intervene
and to support clinical reasoning. Nevertheless, false positives and repeated alarms denote that tuning and a user-oriented
approach are required. The implications of the study for nursing practice are very profound to reflect on the potential role of
predictive analytics in improving patients’ status and overall healthcare performance. Further investigations of such a model
should be carried out to validate the model potentially in different clinical environments, secondly, to adapt the alerts that
are sent to avoid fatigue among the carers, and, thirdly, to look at the long-term consequences of its use to the health of the
patients. Furthermore, investigating the ethical rationale and the psychological effect on the nursing staff may also contribute
to the cautious use of Al. Therefore, this study highlights the possibilities of excelling the patient outcomes and safety of the
acute care health facility through the early application of Al in patient’s care. The results present the overall possibility for
using PEs in nursing practice, including the further expansion of the application of predictive models.

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue 7
pg. 371



Kartik P Hunsigi, Ch. Lavanya, Dr Padathala Visweswara Rao, Mohamad
llyas Faheem

REFERENCES

[1] Schoenbaum, A., Elahi, A., & Cook, T. (2024). Implementing artificial intelligence in clinical workflows: Steps
to success. Nursing Management, 55(11), 40-47.

[2] Almagharbeh, W. T. (2024). The impact of Al-based decision support systems on nursing workflows in critical
care units. International Nursing Review.

[3] Cho, K., et al. (2014). Learning phrase representations using RNN encoder-decoder for statistical machine
translation. Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing, 1724-
1734,

[4] Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press.
[5] Kingma, D. P., & Ba, J. (2014). Adam: A method for stochastic optimization. arXiv preprint arXiv:1412.6980.

[6] Srivastava, N., et al. (2014). Dropout: A simple way to prevent neural networks from overfitting. Journal of
Machine Learning Research, 15(1), 1929-1958.

[7] Cohen, I. G., Amarasingham, R., Shah, A., Xie, B., & Lo, B. (2014). The legal and ethical concerns that arise
from using complex predictive analytics in health care. Health affairs, 33(7), 1139-1147.

[8] Adnan, H. S., Matthews, S., Hackl, M., Das, P. P., Manaswini, M., Gadamsetti, S., ... & Edelman, J. (2020).
Human centered Al design for clinical monitoring and data management. European Journal of Public
Health, 30(Supplement_5), ckaal65-225.

[9] Mahesh, P., & Nuthana, Y. (2023). Enhancing patient outcomes with predictive analytics in intensive care
units. European Journal of Modern Medicine and Practice, 3(9), 154-165.

[10] O’Connor, J., & Mistry, P. (2021). Human-in-the-loop Al: Bridging predictive analytics and nursing expertise.
Nursing Management Review, 56(4), 294-301.

[11] El Morr, C., Ozdemir, D., Asdaah, Y., Saab, A., El-Lahib, Y., & Sokhn, E. S. (2024). Al-based epidemic and
pandemic early warning systems: A systematic scoping review. Health Informatics Journal, 30(3),
14604582241275844.

[12] Xu, W., et al. (2021). Interpretability and trust in predictive models for healthcare: A review. Artificial
Intelligence in Medicine, 113, 102013.

[13]Zhang, Y., et al. (2019). Deep learning in predictive analytics for healthcare: Methods, challenges, and
applications. Journal of Biomedical Informatics, 92, 103139.

[14]Braun, V., & Clarke, V. (2006). Using thematic analysis in psychology. Qualitative Research in Psychology,
3(2), 77-101.

[15] Creswell, J. W. (2014). Research Design: Qualitative, Quantitative, and Mixed Methods Approaches. Sage
Publications.

[16] Creswell, J. W., & Plano Clark, V. L. (2018). Designing and Conducting Mixed Methods Research. Sage
Publications.

[17] van der Heijden, G. J., etal. (2018). Quality assurance of clinical data for machine learning applications. Journal
of Biomedical Informatics, 81, 7-14.

[18] Walker, L., & Lee, K. (2022). Usability of predictive analytics in nursing: Insights from clinical settings.
Journal of Nursing Care Quality, 37(1), 65-72.

[19] Brown, S., Smith, R., & Taylor, M. (2021). Machine learning for predictive monitoring in intensive care units:
A systematic review. Critical Care Medicine, 49(5), 856-867.

[20] Cohen, J., et al. (2020). Integrating predictive analytics into EHR systems: Benefits and challenges. Healthcare
Management Review, 45(2), 176-184.

[21] Johnson, A., et al. (2020). Machine learning-based early warning systems for sepsis in ICU patients: A
retrospective cohort study. Lancet Digital Health, 2(7), e376-e385.

[22] Roberts, D., et al. (2020). Addressing algorithmic bias in Al-based healthcare tools. Journal of Healthcare
Informatics Research, 4(4), 419-433.

[23] Steyerberg, E. W., et al. (2019). Clinical prediction models: A practical approach to development, validation,
and updating. Springer.

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue 7
pg. 372



	AI-Powered Predictive Analytics for Early Detection of Patient Deterioration: Implications for Nursing Care
	ABSTRACT
	1. INTRODUCTION
	2. Literature Review
	3. Methodology
	4. AI Model Development and Training
	5. Implementation and Integration into Nursing Practice
	6. Results
	Table 2: Comparison of Response Times Before and After Model Implementation
	Table 3: Summary of Nurse Feedback on Model Usability

	7. Discussion
	8. Conclusion

