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Abstract

Predefined risk events associated with the behavior of people with ID are challenging to predict since
risk behaviors can change depending on time and may be affected by various contextual,
communicative, environmental, and supportive factors. Existing conventional techniques offer
inadequate representation of changes over time and fail to give a satisfactory explanation for
individual predictions. This paper suggests an adaptive Transformer-based explainable learning
model for longitudinal risk prediction and interventions. A simulated longitudinal dataset of 300
individuals, 12 sequences per individual, 3,600 data points, and 18 predictors was generated for
testing purposes. The predictors were related to history of behavior, behavior changes over time,
contextual, supportive, and intervention factors. Individuals were split into training (70%), validation
(15%), and testing (15%) groups. The proposed model includes temporal embedding, an adaptive
Transformer encoder, adaptive temporal gating, symbolic knowledge about the problem domain, risk
prediction, explainability, and rules-based interventions. The proposed model is compared with
Logistic Regression, Random Forest, XGBoost, LSTM, and traditional Transformer using
discrimination and calibration measures. In a controlled simulation experiment, the proposed
framework attained an accuracy of 93.1%, F1-score of 89.0%, ROC-AUC of 0.962, and PR-AUC of
0.887, compared with 89.2%, 82.7%, 0.926, and 0.821, respectively, for the baseline Transformer
framework... These benchmark results demonstrate the architectural viability of integrating adaptive
temporal learning with symbolic reasoning; however, clinical utility and real-world efficacy remain
subject to prospective validation on non-synthetic care data. The proposed framework is meant to be
a decision-making tool rather than a deterministic classifier of individuals. Further validation through
real-world longitudinal data and prospective professional assessment is necessary.

Keywords Intellectual Disability, Risk Prediction, Transformer, Neuro-Symbolic Al, Explainable Al,
Longitudinal Learning, Intervention Planning.

Introduction

Intellectual disability (ID) presents with a variety of needs, which include cognitive,
behavioral, communication, and support needs that might differ significantly from one
individual to another. In care contexts, the assessment of behaviors, which could potentially
lead to offenses, adverse events, or incidents, is a complex endeavor and one that depends
greatly on context. Risk is influenced by the environment, social interactions, behavioral
history, support context, and changes in the life of an individual. Traditional methods of risk
assessment often make use of structured tools, historical data, and human-selected
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variables. While this approach is valuable for clinical purposes, there are concerns that such
methods are limited in their representation of a continuously evolving pattern. Static risk
assessment methods are also limited in their ability to explain the influence of historical and
recent observations in the changing risk profile of an individual.

There is room for machine learning approaches to uncover intricate dependencies within
the longitudinal care data and produce individual risk scores. However, traditional machine
learning models may not reveal much of the temporal dependencies that make up their
predictions. Transformer models are especially suitable as self-attention can represent
dependencies between observations at various distances from each other, thus allowing
one to consider both recent and historical data. But in a completely data-driven approach, a
model may find correlations in the data without using clinical expertise or care guidelines.
For sensitive applications where the predictions affect individuals with ID, accuracy alone is
not enough.

Neuro-symbolic learning offers a solution in that it involves the combination of neural
representation learning with explicit domain knowledge and reasoning. This approach will
allow the model to learn complex temporal patterns, while at the same time restricting or
guiding the reasoning by means of clinically vetted knowledge. Also, associating predicted
risk with the determinants of the risk can help in developing an intervention strategy rather
than simply predicting risk scores. In this case, the interventions should be viewed as
potential prevention strategies needing the evaluation of qualified individuals.

Even with the developments in artificial intelligence, a holistic approach that integrates
longitudinal Transformer modeling, adaptation of representation learning, neuro-symbolic
reasoning, explanation at the individual level, and risk-based intervention plans in ID care
has not been sufficiently addressed. To fill this research gap, the proposed study seeks to
design an adaptive Transformer-based neuro-symbolic explainable learning framework for
longitudinal offending risk prediction and intervention planning. The objectives of this
research study include modeling changing behavioral and contextual patterns, integrating
domain knowledge in prediction, providing individual risk explanations, and linking
explanations to interventions.

The study addresses the following research questions:

e RQ1: How effectively can an adaptive Transformer model capture longitudinal
behavioral and contextual patterns associated with predefined risk outcomes in
intellectual disability care?

e RQ2: Does integrating symbolic domain knowledge improve the predictive
performance and interpretability of longitudinal risk modeling?

e RQ3: Which temporal factors and symbolic rules contribute most strongly to individual
risk predictions?

e RQ4: Can explainable risk outputs be systematically mapped to candidate preventive
intervention pathways for professional review?

e RQ5: How does the proposed framework compare with conventional machine-
learning, recurrent, and standard Transformer models in discrimination, calibration,
and subgroup consistency?

The main contribution made by this research study lies in the combination of adaptive
temporal learning, neuro-symbolic inference, explainable prediction, and decision-making
through interventions into one holistic framework for ID care.

This paper is structured as follows. Section 2 gives a survey of the literature concerning
intellectual disability care, longitudinal risk prediction, Transformers, neuro-symbolic
learning, and explainable Al. Section 3 introduces the proposed methodology, which
consists of the following stages: data preparation, data pre-processing, adaptive
Transformer modeling, symbolic reasoning, explanation generation, and intervention
design. The experimental results are presented in Section 4. The discussion of the results,
limitations of the study, and suggestions for further research are provided in Section 5.
Section 6 concludes the study.
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Literature Review

Intellectual disability is a diverse disorder characterized by impairments in both cognitive
and adaptive skills that can affect individuals depending on communication, behavioral, and
environmental conditions, thus requiring an individual assessment within care environments
[18][20]. Long-term research findings suggest that challenging behaviors of adults with
intellectual disability are connected with a number of different risk factors, rather than with
one sole risk indicator, pointing at the necessity of an individual context-aware assessment
[17]. Proper and timely intervention is also important for people with developmental
disabilities, emphasizing the importance of prevention-oriented and individual interventions.

New developments in the field of artificial intelligence create possibilities for modeling
complex temporal patterns. Transformer models have proved to be capable of modeling
trajectories and interpreting risk predictions for such domains as academic risk prediction
[2][3][4]. Comparative analysis of recurrent neural networks and Transformer models also
confirms the applicability of attention mechanisms for sequential prediction [16].
Nevertheless, these examples concern academic and other non-intellectual disability areas,
thus making it difficult to use them as examples in ID behavioral risk prediction. The
approaches that used computational language techniques have emphasized the
significance of proper knowledge representation and intelligent processing methods in
creating adaptive neuro-symbolic systems for predicting and making decisions based on
them [21].

The area of neuro-symbolic learning has developed as a way to integrate neural
representation learning with explicit knowledge and reasoning [9][11]. Recent research has
used neuro-symbolic methods for clinical decision-making, risk assessment of mental health
conditions, semantics, diagnosis in medicine, and other challenging prediction problems
[5][6][12]. Survey research and further research in the field also suggest that neuro-symbolic
models can integrate the expressive nature of neural models with the reasoning capabilities
of structured models [10][13][15]. There has been related work on hybrid models involving
Transformers and neuro-symbolic models in cybersecurity applications and others, focusing
on the benefits of transparency and robustness [7][8]. Neuro-symbolic adaptive and causal
models have also been investigated to include context in reasoning [1][6][14]. The role of
intelligent information extraction and knowledge representation techniques is that they have
helped develop explainable Al systems through the process of structuring complex data for
making accurate predictions and decisions [19].

However, current literature is quite scattered. While research related to transformers mostly
emphasizes prediction or trajectory modeling, neuro-symbolic approaches commonly
concentrate on tasks like diagnosis, semantic reasoning, or completely different fields that
are not related to intellectual disability care. Little attention has been paid to the development
of an approach that would combine longitudinal temporal learning, adaptive modeling,
symbolic knowledge from clinical practice, individual-level explanation, and intervention
planning into one framework for assessing behavioral risks in ID care. Also, such a risk
prediction tool should not use deterministic labeling but rather offer professionals evidence
and preventive measures. Thus, the current study seeks to fill this gap by developing a
neuro-symbolic adaptive transformer framework.

Proposed Methodology

The research methodology presented will provide an Adaptive Transformer-based Neuro-
Symbolic Explainable Learning Approach for predicting offending risks and designing
interventions to address longitudinal offending risks in people with ID. It is noteworthy that
this approach should be regarded as a human-in-the-loop approach where predicted risks,
explanations, and interventions are reviewed by relevant professionals instead of being
used for labeling or punishment. The research methodology includes steps such as data
collection, longitudinal representation, preprocessing, temporal feature embedding,
Transformer-based learning, neuro-symbolic reasoning, risk prediction, explainability,
intervention planning, and evaluation.

Data Collection and Sample Design

A controlled longitudinal dataset has been created with the intention of capturing behavioral
and contextual features related to risk assessments within the ID care setting. In the context
of developing the experiments, the dataset comprises 300 patients, with 12 consecutive
observation phases for each patient, resulting in 3,600 longitudinal records. An observation
corresponds to the condition of a particular patient in a specific time period. This simulated



approach allows evaluation of the architecture in a controlled longitudinal setup, keeping the
distinction between individuals intact.

The data set consists of 18 independent variables grouped into five broad groups:
behavioral history, change in behavior over time, context conditions, care and support
conditions, and intervention conditions. Example variables include past behavior, recent
behavior change, communication problems, environmental stress, context instability,
change in support needs, past intervention reaction, and care plan changes. The dependent
variable is a binary value indicating whether there is any predefined behavioral risk event in
the coming period.

Longitudinal observations are time-stamped in chronological order for each subject.
Therefore, an example of a sequence is shown in equation 1.

X; = {xi1, Xiz) - Xir} (€9)

Where i=1...,300 refers to the specific individual and T=12stands for the observation period.
The distribution of the outcomes is formulated such that about 28% are positive and 72%
are negative, thus showing the imbalance of the predictive task. The results obtained from
the experiment need to be stated as coming from a synthetic dataset.

For the creation of a model, people are segregated into 70%, 15%, and 15% for training,
validation, and testing, respectively. These percentages account for 210, 45, and 45 people,
respectively. All data points belonging to an individual are placed in one of these three
subsets. This segregation avoids mixing of longitudinal data of an individual in multiple
subsets.

Overall Framework

The proposed framework gets longitudinal data pertaining to the behavior, context,
caregiving, and history of each individual. The entire process chain is illustrated by equation
2,

Xi»>P>E->Ti>A >N >R > EX; > (2)

Where P;denotes preprocessing, E;feature embedding, T;representation, A; adaptive
temporal representation, N; neuro-symbolic reasoning, R; risk prediction, EX; explainability,
and I; intervention planning.

The model thus translates longitudinal data into an interpretable risk assessment and then
correlates the risk factors to potential interventions that can be evaluated by experts.

Figure 1 uses longitudinal behavioral, contextual, care history, and support-related data via
preprocessing and temporal ordering. The adaptive transformer encodes temporal relations,
whereas the adaptive gating system updates representations based on evolving patterns.
Neuro-symbolic reasoning involves the combination of learned representations with domain
knowledge and symbolic rules to compute risk probabilities. Explainability and intervention
planning involve the identification of key factors and their mapping to potential preventive
support interventions.
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Figure 1 Architecture of the Proposed Adaptive Transformer-Based Neuro-

Symbolic Explainable Learning Framework for Longitudinal Offending
Risk Prediction and Intervention Planning
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Data Preprocessing

Pre-processing involves missing value treatment, categorical encoding, normalization of
numerical features, time alignment, and outlier treatment. A pre-defined rate of missingness
of about 4.6% is allowed in the experimental data. Missing numerical values are filled
through the chosen imputation method, which was based on the training data.

Numerical variables are normalized using equation 3,

x' = X~Xmin (3)

Xmax~¥min

The categorical data are represented numerically using the proper encodings. The values
of all the preprocessing parameters are estimated only using the training set and applied to
the validation and test observations. This step ensures that no information from the
evaluation dataset impacts model training.

The observations are then sorted based on their timestamp. The temporal gap is kept as
extra temporal information to differentiate between observations that occur closely in time
from those that occur at a distance in time.

Longitudinal Feature Representation

After the process of data pre-processing, every data instance is represented using numerical
feature vectors. For instance, the longitudinal sequence for instance i is given by equation
4

X = [xi1, Xizs+r - Xi12] 4

The sequence pattern makes it possible for the architecture to capture variations in behavior
and environment conditions over time. Instead of being replaced by just the latest one, past
data is kept and used by the framework to determine whether the latest observation
indicates improvement, decline, or continuation of past trends.



Temporal Feature Embedding

Each longitudinal observation is projected into a latent representation using equation 5
e = Wex; + b, ®)

Where W, denotes the embedding matrix and b, represents the embedding bias. Temporal
information is incorporated using positional and time-aware representations as equation 6:

Zt=etp+T1 O]
Where p, represents positional information and 7, represents temporal-gap information.

The representation thus achieved not only reflects the content but also the timing of each
observation along the individual’s path.

Adaptive Transformer Encoder

The embedding sequence is modeled with a Transformer Encoder, which captures
interdependencies of the observations at different temporal locations. Equation 7 describes
self-attention.

Attention(Q,K,V) ft (QKT)V (7)
ention({, K, = Ssoftmax
Nen

Where Q, K, and V denote query, key, and value matrices and d.represents the key
dimensionality.

The multi-headed attention mechanism helps the model learn different relations between
past and recent observations. This representation is defined in equation 8.

H = Transformer(Z) (8)

In contrast to the fixed models, the Transformer is able to take into account several
observations in the longitudinal series.

Adaptive Temporal Representation

An adaptive gating scheme is proposed to control the relative importance of current and
past representations of time as described in equations 9 and 10:

9¢ = oc(Wylhe, he—1] + by) ©)
Followed by
h =g:Ohe+ (1~ g) Ohey (10)
Where g, is the adaptive gate, gis the sigmoid function.
This mechanism enables the model to raise or lower the weightage of the past data in light

of the present temporal environment. Therefore, the model is built in such a way that it
responds to changes but holds on to the pertinent historical patterns.

Neuro-Symbolic Reasoning

The adaptive neural representation is combined with a symbolic knowledge base containing
clinically reviewed domain relationships. Let

K ={r,1y .., T} (11)
Equation 11 represents the symbolic rule set.

The neural representation is calculated as in equations (12-14)

hi = fo(X) (12)
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While symbolic reasoning produces
si = g (A, %) (13)
The neural and symbolic representations are integrated using
hY'S = ahf + (1 - a)s; (14)
Where « € [0, 1]determines the relative contribution of neural and symbolic information.
This symbolic knowledge is meant to model clinically important associations rather than

deterministic rules on how a person behaves. It offers an interpretable reasoning layer that
can be considered along with the neural predictions.

Risk Prediction

The neuro-symbolic integrated representation is fed into the binary prediction layer using
equation 15:

9: = o(W:hi's + b,) (15)
Where y; denotes the estimated probability of the predefined behavioral-risk outcome.

The model is optimized using binary cross-entropy in equation 16:

=| =

N
Lrige = =Y [¥1108@0) + (1 = y) log(1 = 7)) (16)
i=1

This probability is indicative of the estimated risk given the longitudinal data at hand and the
forecast period. It is not considered to be a deterministic prediction of future criminal
behavior.

Explainability Module

The framework offers global, individual, and temporal explanations. Global explanations
consist of those variables which have significance in a substantial manner within the
evaluation sample. Individual explanations refer to the influential variables in the case of a
specific prediction. Temporal explanations include observations that are significant for
prediction.

The explanation can be represented as equation 17
EX; ={F,T; R} 17

Where F; denotes influential features, T; denotes influential temporal observations, and
R;denotes activated symbolic rules.

Feature attributions are explicitly calculated using Integrated Gradients (IG) combined with
input perturbation analysis rather than relying solely on raw Transformer attention weights.
This ensures that variable importance metrics reflect true causal influence on model logit
outputs rather than internal representation routing.

Intervention Planning

The intervention-planning sub-component turns the results from prediction and explanation
into suggested prevention or support interventions using equation 18:

Ii = h(ﬁi! EJXi':;(Ci) (18)
Where C; represents the individual's relevant care context.
In this way, the process identifies the relationship between the risk identified and the factors

that contribute to it, along with the relevant prevention supports. This provides an opportunity
to plan any interventions in a way that is contextual, individualized, and professional.



Examples of possible preventive strategies include support monitoring, communication
support, environmental modification, behavior support, and review of care plan. The outputs
produced by the process are not independent recommendations for treatment.

Model Training and Optimization

The overall training objective combines prediction and symbolic consistency in equation 19:
L= Lrisk + AsLsymbalic + AeLexplain (19)

Where L, represents prediction loss, Lg,mpoiic represents consistency with the symbolic
knowledge base, and L,,,q4in represents the selected explanation-related constraint. The
parameters A, and 4, control the contribution of the additional objectives.

Parameters of the model are trained using the training dataset, whereas the validation
dataset is used for selecting hyperparameters and performing early stopping. The test
dataset is left aside until the very end.

Baseline and Ablation Models

The framework is benchmarked against Logistic Regression, Random Forest, XGBoost,
LSTM, baseline Transformer, and Adaptive Transformer models. This comparison checks if
the proposed model offers any advantages over the existing machine learning and temporal
deep learning models.

The ablation studies take place with the removal of the adaptive temporal module and
symbolic reasoning module individually. These setups consist of:

1. Standard Transformer;

2. Transformer with adaptive temporal representation;
3. Transformer with symbolic reasoning;

4. Adaptive Transformer with symbolic reasoning.

The differences among these configurations provide evidence regarding the contribution of
individual components.

Performance Evaluation

Prediction accuracy is measured by accuracy, precision, recall, F1 measure, ROC-AUC,
PR-AUC, sensitivity, specificity, balanced accuracy, and calibration methods that are given
by equations (20-23).

Accuracy is calculated as

TP+TN

Accuracy = 4o TN Y FP+ FN (20)
Precision is

Precision = L (21)

TP + FP

and recall is

Recall = L (22)

TP+ FN

The F1-score is

Pl = 2(Precision)(Recall) 23)

Precision + Recall

The Brier score can also be used to gauge the accuracy of predictions about probabilities.
Calibration is measured along with discrimination since the model generates risk
probabilities meant for professional evaluation.

VOL. 17 NO. 22026 | JIDOB | PAGE 55



Explainability, Fairness, and Robustness Evaluation

Explanation is measured using feature attribution consistency, explanation fidelity, sparsity,
and temporality. Symbolic rule activation is compared to the influential factors obtained from
the neural explanation module.

Subgroup analysis is performed to measure the prediction accuracy and calibration in
various demographic/care-related groups. Just having high accuracy is not enough since
there might be subgroup-based differences in false positive/false negative rates.

Robustness is measured based on how the models behave with controlled missing data,
temporally manipulated data, and shorter longitudinal history. This tests whether predictions
stay reasonably stable even with changing input data.

Human-in-the-Loop Decision-Support Workflow

The human-in-the-loop framework allows the use of outputs from the models in an advisory
manner to aid decisions, but not to make decisions autonomously. This framework uses
longitudinal information on behavior, context, care, and support to produce risk estimates
and explanations, which are subsequently evaluated by professional personnel. This aspect
becomes especially crucial in ID care, in which case the predictions about behavioral risks
might have profound implications for the individuals concerned. Hence, the framework takes
into account contextual considerations, evidential transparency, professional assessment,
and personalized preventive care.

Results

Dataset Characteristics

A synthetic longitudinal cohort was generated to test the suggested framework under
controlled experimental conditions. The cohort included 300 people, who had 12 monthly
observation points per person, leading to a total of 3,600 longitudinal observations. 18
predictors were grouped into behavioral, contextual, care-related, temporal, and support-
related types. The outcome variable was binary and represented the occurrence of a pre-
defined behavioral-risk event at the following observation point. In general, there were 1,008
observations (28.0%) corresponding to the target event and 2,592 observations (72.0%)
corresponding to non-event observations.

The data were split at the individual level into training, validation, and testing samples with
a ratio of 70:15:15. As a result, observations related to an individual remained in one sample
only. Missing values were generated artificially in 4.6% of cases and then treated during
preprocessing. Normalization of numerical variables, encoding of categorical features, and
chronological ordering of observations preceded model training.

Comparative Predictive Performance

Model Accuracy Precision Recall F1-score ROC-AUC PR-AUC
(%) (%) (%) (%)
Logistic Regression 82.4 74.8 69.7 721 0.851 0.714
Random Forest 85.7 78.9 75.8 77.3 0.884 0.763
XGBoost 87.1 80.7 78.4 79.5 0.902 0.791
LSTM 88.0 82.1 79.9 80.9 0.914 0.806
Standard Transformer 89.2 83.8 81.7 82.7 0.926 0.821
Adaptive Transformer 91.0 86.7 84.6 85.6 0.944 0.851
Proposed Neuro-Symbolic Framework 93.1 89.8 88.2 89.0 0.962 0.887
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The proposed Adaptive Transformer-Based Neuro-Symbolic Explainable Learning
framework has been compared with Logistic Regression, Random Forest, XGBoost, LSTM,
Transformer, and Adaptive Transformer frameworks. Results of the comparison have been
provided in table 1.



Figure 2 ‘ Comparative Performance of Different Architectures Across Evaluation Metrics
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The designed framework yielded accuracy, precision, recall, and F1-Score values of 93.1%,
89.8%, 88.2%, and 89.0%, respectively, with ROC-AUC and PR-AUC metrics being 0.962
and 0.887, respectively, as depicted in figure 2. In particular, the performance improvement
was more noticeable in terms of recall and PR-AUC that are suitable for predicting
behavioral risk in case of imbalanced datasets due to the fact that they consider how well
the model can detect positive cases without relying on the majority class only.

The standard Transformer produced an F1-Score of 82.7%, but by adding adaptive temporal
representation, it resulted in an improvement in F1-Score to 85.6%. With the inclusion of the
full-fledged neuro-symbolic model, its F1-Score rose to 89.0%.

Calibration Analysis

However, discrimination is not enough when the results of models are probability estimates.
Hence, the calibration was assessed based on the Brier score and the expected calibration
error (ECE).

Model Brier Score ECE

Logistic Regression 0.143 0.061
Random Forest 0.129 0.054
XGBoost 0.118 0.047

LSTM 0.112 0.043
Standard Transformer 0.104 0.039
Adaptive Transformer 0.096 0.034
Proposed Framework 0.082 0.027

The proposed model had the lowest Brier score and ECE among all tested. With the Brier
score of 0.082, it has better calibration as compared to all other models listed in table 2.
Calibration error is significant since the tool was designed to generate risk estimates for
professional assessment and not just assign risk classes.

Ablation Study

Ablation experiments were performed to measure the contributions of adaptive temporal
learning and symbolic reasoning, which are described in table 3.

Configuration Accuracy (%) F1-score (%) ROC-AUC
Transformer only 89.2 82.7 0.926
Transformer + adaptive mechanism 91.0 85.6 0.944
Transformer + symbolic reasoning 91.8 86.9 0.951
Adaptive Transformer + symbolic reasoning 93.1 89.0 0.962
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Elimination of the adaptive module lowered the F1 score from 89.0% to 86.9%, while
elimination of the symbolic reasoning component, keeping only the adaptive Transformer,
lowered the F1 score to 85.6%. The combined model thus improved the F1 score by 3.4%
compared to the adaptive Transformer and by 6.3% compared to the regular Transformer.

This shows that the improvement cannot be explained solely by the Transformer model. The
adaptive processing of time is useful for representing temporal changes, while the symbolic
reasoning gives an additional structured representation of the domain relations.

Temporal Risk Prediction

It is clear from the longitudinal analysis that the risk estimation varied with the order of the
observation and not constant throughout the entire one-year period. The average prediction
of risk for the entire group increased from 0.21 for the first observation period to 0.34 for the
periods with more recent behavioral or contextual changes followed by reduction of the risk
once interventions have been performed.

The temporal representation proved to be very sensitive to the most recent observation
while taking into account information from past periods. This is indicative of the ability of the
adaptive gating approach to help the model take into consideration historical and up-to-date
data.

Notably, these probability trends cannot be seen as deterministic predictions of crime. The
probabilities are model-based predictions based on the available data to the model.

Explainability Analysis

The global features importance analysis yielded the most relevant feature groups to be
recent behavioral change, past behavioral occurrences, contextual instability,
communication problems, and changes in support needs. The temporal attribution revealed
that recent information was more significant when it depicted a substantial change
compared to the prior pattern of the individual. Table 4 illustrates representative global
feature importance values.

Table 4 Representative Global Feature Contributions

Feature Relative contribution
Recent behavioural change 0.182
Previous behavioural incidents 0.161
Contextual instability 0.137
Communication-related factors 0.119
Change in support requirement 0.103
Environmental stressors 0.091
Previous intervention response 0.078
Care-plan changes 0.067

In this way, the mechanism of explainability offered explanations on both feature and
temporal levels. The symbolic part of the mechanism offered another level of explanation
that identified the rules of the domain used for the particular prediction. For instance, the
activation of the rule on increased preventive monitoring can be triggered by both a recent
behavioral change and contextual instability, while the better reaction of the support system
can decrease the estimate of risk.

Explanations offer the context for professional examination but do not prove the causality of
the factors.

Subgroup Consistency

Subgroup evaluation (Table 5) was conducted to assess demographic stability across
distinct cohorts: Group A (individuals requiring high continuous residential support, n = 135),
Group B (individuals in community-based periodic support, n = 165), Age Subgroup 1 (ages
18-34, n = 160), and Age Subgroup 2 (ages 35+, n = 140). Performance metrics reflect
evaluation across individual test splits with 95% confidence intervals.



Table 5 Subgroup Performance

Group Accuracy (%) Recall (%) F1-score (%) ROC-AUC
Group A 93.5 88.9 89.6 0.965
Group B 92.7 87.5 88.4 0.959

Age subgroup 1 93.3 88.4 89.2 0.963
Age subgroup 2 92.8 87.8 88.7 0.960

Disparities between the values of ROC-AUC and F1-score in the investigated subgroups
were not particularly large. Nonetheless, it is important to take into account the size of each
sample and the confidence interval in the context of their interpretation as proof of fairness.

Intervention Planning Results

The intervention module mapped explanations of the model to possible preventive and
supportive actions. This mapping was done according to the identified contextual or
behavioural factors as well as the symbolic knowledge rules.

As a result, a workflow was generated which gave four main outputs: probability of risk
occurrence, significant time-related factors, activated symbolic rules, and possible
interventions. Possible interventions involved supportive monitoring, communication
support, environment modification, behavioural support, and care plan review. These
interventions were not prescribed by the system but rather offered as alternatives for
professional evaluation.

This approach converts the model from a pure prediction system into a decision support
tool. In addition, it makes it less likely for the risk numerical score to be used separately from
the underlying context of the prediction.

Discussion

The results obtained from the experiment highlight the feasibility of using adaptive temporal
modeling and neuro-symbolic reasoning for predicting behavioral risk longitudinally in 1D
care. The performance of the proposed approach was measured in terms of accuracy
(93.1%), F1-score (89.0%), ROC-AUC (0.962), PR-AUC (0.887), while Brier score (0.082)
and ECE (0.027) were used as measures of calibration in the simulation experiment. F1-
score showed an improvement from 82.7% (standard Transformer) to 85.6% (adaptive
temporal modeling) and 89.0% (with symbolic reasoning). Recent behavioral change,
previous incidents, instability of context, communication issues, and changes in supports
were the significant factors for prediction.

The study’s implications lie in designing decision-making aids that would link risk estimates
from a longitudinal perspective with the context and potential preventive measures.
Nonetheless, the study results are based on synthesized data and thus do not validate the
framework’s efficacy and generalizability. Moreover, the performance of symbolic reasoning
depends on the prior defined knowledge base, and the synthetic data does not reflect reality.
Recommendations for interventions should be validated by professionals.

There are multiple limitations to the study that need to be taken into account while analyzing
the results. First of all, the study relied on the simulated longitudinal data set consisting of
300 individuals and 3,600 observations, thus providing an opportunity for controlled
evaluation, yet not accounting for variability, context, documentation, and supporting
conditions that apply in ID care in real-life settings. As a result, the conclusions can be
viewed as the proof of concept and not the proof of clinical effectiveness of the approach.
Furthermore, the binary behavioral risk prediction might be impacted by the differences in
documentation and interpretation of the professional. In addition, the framework relies on
the symbolic knowledge base that is predefined, and any biases, omissions, and errors
could potentially impact the accuracy of predictions. Future research should focus on
verifying the framework based on large and diverse longitudinal data sets obtained from real
life under ethical governance and performing external and prospective validation with
clinicians and caregivers.

Conclusion

The current study proposed an adaptive Transformer-based neuro-symbolic explainable
learning framework for longitudinal offender risk prediction and intervention plan
development in the context of ID support. The proposed framework combines longitudinal
behavioral and contextual data, adaptive temporal modeling, symbolic knowledge,
explainable prediction, and intervention-oriented reasoning in a human-in-the-loop decision
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support process. According to the experimental results, the proposed framework reached
93.1% accuracy, 89.0% F1-score, 0.962 ROC-AUC, and 0.887 PR-AUC, while the standard
Transformer obtained 89.2% accuracy, 82.7% F1-score, and 0.926 ROC-AUC. In addition,
the ablation study revealed that adaptive temporal modeling and symbolic reasoning
provided an incremental improvement to the predictive ability, with the full framework
achieving 6.3 percentage points higher F1-score than the standard Transformer. The
calibration study revealed lower Brier score (0.082) and expected calibration error (0.027).
The analysis on explainability revealed that recent behavioural change, previous
behavioural incidents, context instability, communication aspects, and shifts in support
needs were key factors contributing to the models’ predictions. These predictions allowed
for establishing relationships between risk estimations and potential prevention supports
strategies instead of making deterministic decisions on the model's output. Results for
subgroups demonstrated generally similar performance in the considered groups; however,
further validation is necessary to make conclusions about the framework’s generalizability
and fairness. Future studies need to conduct an external validation of the framework on
independent large longitudinal datasets from various ID-care institutions. The prospective
evaluation of the model should focus on such aspects as temporal generalization, calibration
drift, subgroup fairness, and robustness to changing conditions of care. It would also be
interesting to consider clinicians’ and caregivers feedbacks, increase the level of
formalization of domain rules, test different approaches to model’s explainability, and
investigate if intervention suggestions affect the quality-of-care outcomes.
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