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ABSTRACT

The persistently high failure rate of Information Technology (IT) projects, driven by inadequate riskidentification,
remains a critical organizational challenge,and conventional risk assessmentbased on subjective expertjudgment
struggles to model the non-linear interdependencies in large-scale project data. This research proposes a multi-
classifier machine learning (ML) framework for automated IT project risk level identification (Low, Medium, High),
built on two contributions: a systematic, auditable preprocessing protocol (explicit target-leakage screening, a
controlled before-after comparison of the Synthetic Minority Over-sampling Technique (SMOTE), and
hyperparameter optimization) and a per-class ordinal-consistency evaluation that decomposes misclassifications
by their severity relative to the ordinal risk structure. Five classifiers were evaluated on 10,919 historical IT project
records: Logistic Regression (LR), Support Vector Machine (SVM), Random Forest (RF), Decision Tree (DT), and K-
Nearest Neighbors (KNN). The leakage screening identified and removed a variable that deterministically encoded
the target label. After SMOTE and hyperparameter tuning, SVM achieved the best single-model performance
(accuracy 83.65%, macro F1-score 0.759), followed by RF (82.14%,0.731),LR (80.82%,0.744),DT (73.72%, 0.669),
and KNN (69.64%, 0.596); a five-model soft-voting ensemble reached 83.42% accuracy and a macro F1-score of
0.757. Across all sixteen model/stage configurations (7,165 aggregate misclassifications), the non-adjacent error
rate, a High-risk project predicted as Low-risk or vice versa, was exactly zero, a reliability property invisible to
aggregate accuracy or F1-score.
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1. INTRODUCTION

Information technology (IT) projects constitute critical enablers of organizational transformation,
digital innovation, and competitive advantage across industries. However, despite significant advances
in project management methodologies, software engineering practices, and agile approaches, IT project
failure rates remain a persistent challenge. Empirical studies have consistently demonstrated that a
substantial proportion of IT initiatives fail to achieve their initial cost, schedule, or scope objectives,
resulting in consequences such as financial losses, productivity disruption, and strategic opportunity
costs [1], [2]. Recent analyses of IT project risks have further confirmed that schedule-related issues and
resource allocation failures, which can potentially be detected at an early stage, remain among the most
dominant contributors to project failure [3].

At the root of many preventable IT project failures lies inadequate risk identification: the
systematic process of detecting, characterizing, and prioritizing potential threats before they materialize
into realized incidents [4]. Effective early-stage risk level assignment, classifying projects as Low,
Medium, or High Risk, enables project managers to proactively direct mitigation resources, adjust
staffing, and escalate governance attention toward the most vulnerable initiatives [5][6]. In practice,
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however, risk identification still relies heavily on subjective expert judgment, qualitative risk matrices,
and experience-based checklists. These approaches are inherently limited in scalability, reproducibility,
and their capacity to model multivariate non-linear interactions embedded in large-scale project data
[71(8].

Traditional, non-ML risk management continues to rely heavily on structured multi-criteria
decision-making (MCDM) and hybrid optimization approaches [9], and on qualitative frameworks
tailored to specific development methods such as Scrum [10]; while valuable, these approaches depend
on expert-elicited weights and are not designed to learn directly from historical project records at scale.
Detailed taxonomies of realized IT project risks also show that resource, schedule, and vendor-related
factors recur across a large sample of documented incidents [3], reinforcing the practical need for
models that can automatically flag such patterns as projects unfold [11]. The proliferation of ML has
created compelling opportunities to automate risk-level identification through data-driven pattern
recognition [12], [13], including hybrid ML models that combine classification with predictive analytics
[14]. However, two methodological gaps recur across this literature. First, applied studies frequently
report resampling and tuning outcomes without a documented audit for target leakage a scenario in
which a feature deterministically or near-deterministically encodes the label, producing spuriously
inflated performance that reflects the leakage artifact rather than genuine predictive skill. This risk is
amplified whenever engineered composite features are built directly from the same underlying severity
indicators used to define the target class. Second, risk categories in this domain are ordinal by
construction (Low < Medium < High), yet performance is almost universally reported through aggregate
metrics, accuracy, macro precision, recall, and F1-score- that treat all misclassifications as equivalent,
obscuring whether a model's errors are confined to adjacent categories or occasionally span the full
severity range, a distinction with direct managerial consequence.

Prior ML-based approaches to project risk classification illustrate the promise and the gaps.
Multiple classifiers applied to software project datasets have achieved accuracy rates of up to 89% for
risk percentage prediction [15]. Gradient Boosting combined with t-SNE dimensionality reduction has
achieved 85% accuracy in project risk classification tasks [16]. ML ensemble approaches have been
applied to investment project risk level prediction across Low, Medium, and High Risk categories [17],
and hybrid ML frameworks have achieved 92% accuracy for joint risk and resource management
prediction [18]. Despite this growing evidence, a systematic and unified evaluation of five mainstream
classifiers LR, SVM, RF, DT, and KNN for three-class IT project risk level identification, combined with
an auditable preprocessing protocol and rigorous per-class, severity-aware error analysis, remains
limited in the literature [12].

Risk identification in IT projects has been extensively studied from both qualitative and
quantitative perspectives. Studies categorizing IT project risks by type and severity identify schedule
and resource-related factors among the most prevalent contributors to project failure [3]. DEMATEL-
ISM analyses of IT project risk factors indicate that technical complexity and external dependencies are
influential drivers of elevated risk [19]. Systematic reviews of risk management practices across the
software development lifecycle indicate a progressive transition from ad-hoc approaches toward
structured, data-driven frameworks [4]. Reviews contrasting deterministic and probabilistic risk-
management approaches in project-based industries similarly report that manual, experience-based
practices remain dominant and hinder automation and knowledge transfer across projects [20], while
exploratory studies of risk management frameworks specific to IT companies highlight persistent gaps
in the systematic integration of quantitative prediction tools into existing governance processes [21].

Comparative evaluations of ML classifiers across related classification tasks provide
methodological grounding for this research. Studies comparing SVM, RF, and LR for health risk
classification demonstrate competitive performance among these approaches when supported by
appropriate preprocessing [22]. Hybrid Al models, such as a Random Forest optimized by a genetic
algorithm, have been applied to classify construction projects by delay-risk level [23], while hybrid ML
frameworks have also been proposed for joint resource-allocation and IT project risk prediction [18].
RF has been reported to consistently outperform several standalone classifiers in multi-level risk
categorization tasks [13], and ANN-based models applied to multi-level construction-risk classification
have achieved accuracy levels around 93% [24], with ANN-based risk-prediction approaches also
validated in the related context of global software development [25]. Complementing purely algorithmic
comparisons, similarity-based prediction using historical project context has been proposed as an
alternative to feature-engineered classifiers for software risk forecasting [26], a rationale consistent
with the instance-based KNN classifier evaluated in the present study. None of these studies, however,
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report a target-leakage audit or a per-class, ordinal-aware decomposition of misclassification patterns,
the gap this study addresses.

Table 1. Research Gap Statement

Research ML Method / Reported
Year Dataset / Domain Prediction Target Key Ci ib Limitation / Research Ga
(Reference) Approach & Accuracy RO .2
Established a benchmark by eaunified
Covtliamanand ’ : . — . : ; ) Did not provide a unified evaluation
SEakikiravaaaa 2021 Software Project Multiple Machine Risk Percentage Up to applying multiple ML classifiers | of multiple classifiers for three-class
115] Y ik Data Learning Classifiers Prediction 89% for software project risk IT project risk level identification.
prediction.
N ) Improved classification Limited comparison with other
9 i Gradient Boosting g &
Software Project T . Risk Level e performance by integrating mainstream classifiers and lacked
Bauskar et al. [16] 2024 e + t-SNE Dimensionality . = 85% S ? g & p
Data Réd s Classification Gradient Boosting with t-SNE detailed per-class performance
educts 5
educion feature representation analysis.
Project Risk Level Applied ML ensembles to Focused on investment projects;
Diao [17] 2024 Investment Project Machine Learning Prediction 87% investment project risk level not specifically designed for
= Data Ensemble Approach (Low, Medium, prediction; demonstrated IT project risk classification.
High Risk) cross-domain applicability.
. Joint Risk and Proposed a hybrid ML framework Did nm.conducl Systematio
Ismawan and 2025 IT Project Data Hybrid Machine = i . 54 et andiecsource comparison among LR, SVM, RF,
pA ~ esource Managemen 2 Cgl g IsSK e
Wahyu [18] Learning Framework | ©oo0uroc Banageme i e s DT, and KNN with confusion
L Prediction management prediction.
matrix evaluation.
Although prior studies have reported promising results, a systematic, unified evaluation of five mainstream classifiers
Research Gap Statement (LR, SVM, RF, DT, and KNN) specifically for three-class IT project risk level identification, incorporating rigorous
per-class confusion matrix analysis, remains absent from the literature.

Table 1 shows that the existing literature reveals two critical research gaps addressed by this
research: first, the absence of a systematic and unified comparative evaluation framework involving five
mainstream machine learning classifiers (LR, SVM, RF, DT, and KNN) specifically for three-class IT
project risk level identification (Low, Medium, and High Risk) under consistent preprocessing and
evaluation conditions; and second, the limited analysis of classification performance at the class level,
particularly through per-class F1l-score and confusion matrix evaluation across all risk categories.

This research addresses these gaps through the following primary contributions: (1) a systematic,
auditable preprocessing protocol comprising explicit target-leakage screening, encoding, a controlled
before-after SMOTE comparison, and hyperparameter optimization; (2) a rigorous comparative
evaluation of five classification algorithms (LR, SVM, RF, DT, KNN) under unified preprocessing and
evaluation conditions, including a soft-voting ensemble; (3) detailed per-class performance analysis
(precision, recall, F1-score, confusion matrix) for Low, Medium, and High Risk categories; and (4) a novel
per-class ordinal-consistency evaluation that decomposes misclassification patterns according to their
severity relative to the ordinal risk structure quantifying, for the first time in this literature to our
knowledge, the extent to which classifier errors respect or violate the ordinal proximity of risk
categories.

2. RESEARCH METHOD
2.1 Research Design

The research design follows a systematic, auditable sequence of six stages, illustrated in Figure 1: (1)
data collection; (2) target-leakage screening and preprocessing (encoding and scaling); (3) stratified
train-test splitting with a controlled SMOTE comparison (baseline on the original training data versus
SMOTE applied to the training data only); (4) implementation of five classification algorithms (LR, SVM,
RF, DT, KNN); (5) hyperparameter optimization and construction of a soft-voting ensemble; and (6)
performance evaluation, including per-class confusion matrices, the before/after SMOTE comparison,
and the proposed Ordinal Consistency Rate (OCR) analysis. This sequence extends the conventional
preprocess-train-evaluate pipeline by making the leakage screening, the SMOTE before/after
comparison, and the ordinal-consistency evaluation explicit, reportable stages rather than implicit
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Figure 1. Research design of the proposed multi-classifier framework

2.2 Data Collection

The dataset comprises 10,919 IT project records from Kaggle with 27 attributes spanning project
characteristics (Duration_days, Budget IDR, Team_Size, Complexity), management attributes
(Methodology, Vendor_Type, Priority, Project Type), and quantitative risk indicators
(Technical_Difficulty, Requirements_Stability, Resource_Availability, Stakeholder_Engagement,
Schedule_Adherence, Budget_Risk, Previous_Project_SuccessRate, Change_Request_Count,
Number_of Vendors, Change_Request_Rate_per_30days, Security_Requirement, Remote_Team,
Regulatory). The target variable, Risk_Status, encodes three ordinally structured classes: High Risk (n =
747, 6.84%), Medium Risk (n = 8,375, 76.71%), and Low Risk (n = 1,797, 16.46%), reflecting a real -world
class imbalance of approximately 11.21 (majority-to-minority) [25], [26].

The degree of imbalance is summarised by the imbalance ratio (IR), defined as the size of the
majority class divided by the size of the minority class:

R = 22 — 22~ 11.21 Q)

2.3 Data Preprocessing
2.3.1 Target-Leakage Screening (Systematic Preprocessing)

Prior to feature selection, every candidate feature was screened for a deterministic or near-
deterministic relationship with the target label. This screening identified that the variable
Risk_Probability was mapped to Risk_Status through non-overlapping thresholds (Low: 0.0214-0.3300;
Medium: 0.3302-0.6600; High: 0.6602-0.9787). Because a classifier including this variable could
reconstruct the label with near-perfect accuracy without learning a generalizable risk pattern,
Risk_Probability was excluded from the feature space, along with non-informative identifier fields
(Project_ID, Project_Name, Start_Date, End_Date). This audit step is reported explicitly because omitting
it can produce misleadingly high performance that reflects the leaked variable rather than genuine
model skill, a risk that applies equally to any engineered feature built from the same underlying severity
components used to define the target [27].

Formally, the screening showed that the label of each record could be written as a deterministic
step function of its Risk_Probability value p:

Low, ifp < 1,
y = jMedium, ift, <p <1, @
High, ifp > 1,

where 11 * 0.330 and 72 * 0.660 are the empirical class boundaries. Because Eq. (2) recovers y
exactly from a single input, any model given access to p can reproduce the label without learning a
generalizable risk pattern. The same check, i.e., testing whether y = g(x;) holds for a simple function g of
asingle feature x;, was applied to every candidate feature.
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2.3.2 Preprocessing, Encoding, and Splitting

- Step 1 - Encoding: 13 numerical features (Duration_days, Budget, Team_Size, Technical_Difficulty,
Requirements_Stability, Resource_Availability, Stakeholder_Engagement, Schedule_Adherence,
Budget_Risk, Previous_Project_SuccessRate, Change_Request_Count, Number_of Vendors,
Change_Request_Rate_per_30days) were standardized (z-score). Eight categorical features (Complexity,
Project_Type, Methodology, Vendor_Type, Security_Requirement, Remote_Team, Regulatory, Priority)
were one-hot encoded.

The z-score standardization of numerical feature j for record i is given by
Xij — Hj

Zij = T — (3)

9j
where y; and oj are the mean and standard deviation of feature j estimated on the training subset

and then applied unchanged to the test subset, so that no test-set information enters the scaling.

- Step 2 - Stratified split: Data were partitioned 80:20 into training (8,735 records) and test (2,184
records) subsets using stratified sampling on Risk_Status to preserve class proportions (random_state =
42).
- Step 3 - Controlled SMOTE comparison: Each classifier was trained and evaluated twice on the identical
test set: once on the original imbalanced training data ("before SMOTE"), and once with SMOTE applied
exclusively to the training data or training folds ("after SMOTE"), isolating SMOTE's specific, quantified
contribution rather than reporting only a final resampled result. The test set was never resampled.
For each minority-class sample x;, SMOTE [28] generates a synthetic sample by interpolating
between x; and one of its k nearest minority-class neighbors, denoted %
Xpew = X; + A - & — x), 2 ~U0©,1) 4)
where A is drawn from a uniform distribution on [0, 1]. Synthetic samples are generated until each
minority class reaches the size of the majority class.
This controlled comparison is treated as necessary rather than optional: simulation studies of class-
imbalance corrections in logistic-regression-based risk prediction report that resampling can
systematically distort predicted class probabilities and, in some settings, degrade model calibration
more than it improves discrimination [29]. Accordingly, SMOTE's effect is measured empirically per
classifier rather than assumed to be beneficial by default.
2.4 Classification Algorithms
Five classification algorithms were implemented and compared within the proposed framework,
each representing a different machine learning paradigm for IT project risk classification. LR was
employed as a linear probabilistic classifier that models the relationship between project features and
risk levels while providing interpretable probability estimates [15]. SVM was utilized to identify optimal
decision boundaries and effectively handle non-linear risk patterns through the Radial Basis Function
(RBF) kernel [22][15]. RF, an ensemble learning method based on multiple decision trees, was applied
to improve prediction robustness, reduce overfitting, and provide insights into feature importance
[6]1[23]. In addition, DT was used as a rule-based classifier capable of generating transparent and easily
interpretable decision rules [16], while KNN was implemented as a non-parametric, instance-based
method that classifies projects according to the similarity of neighboring data points [30][31]. A soft-
voting ensemble combining the five tuned classifiers with equal weighting was constructed as a sixth,
composite configuration.
The ensemble averages the class probabilities of the M = 5 tuned classifiers with equal weights and

selects the class with the highest mean probability [37]:

y = arg Cmax iZ%zle(c | x) 5)
where Pm(c | x) is the probability of class c given by classifier m.
2.5 Hyperparameter Optimization

Hyperparameters were optimized using RandomizedSearchCV with stratified k-fold cross-
validation and macro Fl-score as the scoring criterion, with SMOTE embedded inside the cross-
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validation pipeline so that resampling occurred only within training folds. Table 2 reports the optimized
hyperparameters obtained for each classifier.
Table 2. Optimized hyperparameters per classifier

Model Optimized Hyperparameters
Logistic Regression C = 5; solver = Ibfgs; penalty =12; class_weight = balanced
SVM (RBF) C=1; gamma = 0.1; class_weight = None

n_estimators = 200; max_depth = 30; min_samples_split = 2; min_samples_leaf = 4;

Random Forest
max_features =sqrt

max_depth = 10; min_samples_split = 2; min_samples_leaf = 8; criterion = entropy;

Decision Tree .
class_weight = balanced

K-Nearest Neighbors n_neighbors = 3; weights = uniform; p = 1 (Manhattan distance)

2.6 Performance Evaluation Metrics

Model performance was assessed using accuracy, macro-averaged precision, recall, and F1-score,
and full 3x3 confusion matrices, computed on the identical held-out test set (n = 2,184) for every
classifier and stage. Macro-averaging was prioritized for model comparison given the pronounced class
imbalance [29].

2.7 Proposed Per-Class Ordinal-Consistency Evaluation

Beyond conventional metrics, this research introduces a decomposition of confusion-matrix errors
with respect to the ordinal structure of Risk Status (Low < Medium < High). Every off-diagonal
confusion-matrix cell is classified as an adjacent error (High<->Medium or Medium<->Low, confusion
with the immediately neighboring severity level) or a non-adjacent error (High<->Low, a two-step
severity jump that skips the intermediate category). The Ordinal Consistency Rate (OCR) is defined as
one minus the proportion of total misclassifications that are non-adjacent. An OCR of 1.0 indicates that,
whenever a classifier errs, it never confuses the two most severity-distant categories, a property directly
relevant to the asymmetric managerial cost of risk-classification errors in project governance. [33][34].

3. RESULTS AND DISCUSSION
3.1 Baseline Performance (Before SMOTE)
Table 3. Baseline classification performance before SMOTE

Model Accuracy Precision (macro) Recall (macro) 12111;2235;
Logistic Regression 0.8668 0.8067 0.7450 0.7727
SVM (RBF) 0.8562 0.8181 0.6871 0.7384
Random Forest 0.8425 0.8265 0.6084 0.6757
Decision Tree 0.7825 0.6424 0.6546 0.6483
K-Nearest Neighbors 0.7953 0.6801 0.5745 0.6132

Table 3 shows that at baseline, aggregate accuracy ranges from 78.3% (DT) to 86.7% (LR);
however, macro recall is markedly lower across all classifiers (0.57-0.75), reflecting weak sensitivity to
the High and Low minority classes despite superficially high accuracy, and the well-documented
accuracy-imbalance divergence that motivates the controlled SMOTE comparison.

3.2 After SMOTE Comparison
Table 4. Classification performance after SMOTE

Model Accuracy P(l;ﬁ(;i:ﬁ:)))n Recall (macro) F1-score (macro)
Logistic Regression 0.8063 0.6865 0.8588 0.7416
SVM (RBF) 0.8237 0.7140 0.8188 0.7547
Random Forest 0.8288 0.7154 0.7364 0.7252
Decision Tree 0.7541 0.6126 0.6814 0.6402
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Precision
(macro)

K-Nearest Neighbors 0.6291 0.5582 0.7677 0.5800

Table 4 shows that SMOTE improved macro recall for LR, SVM, and RF by 11.4, 13.2, and 12.8
percentage points respectively, at a 1.4-6.1 point accuracy cost a favourable trade-off given that a
false-negative High-risk classification is typically more costly than a false alarm. KNN, however,
exhibited a marked accuracy collapse (79.5% -> 62.9%) despite a recall gain, indicating high
sensitivity to the altered neighborhood structure introduced by synthetic minority samples. DT also
declined modestly on most metrics after SMOTE, consistent with single-tree models' susceptibility to
overfitting on resampled data.

3.3 Hyperparameter-Tuned Models and Ensemble
Table 5. Tuned and ensemble classifier performance

Model Accuracy Recall (macro) F1-score (macro)

Model Accuracy Precision Recall F1-score

(macro) (macro) (macro)

Logistic Regression (Tuned) 0.8082 0.6891 0.8596 0.7441
SVM (Tuned) 0.8365 0.7427 0.7787 0.7587

Random Forest (Tuned) 0.8214 0.7001 0.7723 0.7308
Decision Tree (Tuned) 0.7372 0.6300 0.7621 0.6694
K-Nearest Neighbors (Tuned) 0.6964 0.5625 0.6696 0.5955
Soft-Voting Ensemble (5 models) 0.8342 0.7283 0.7970 0.7573

Table 5 shows that after tuning, SVM achieves the highest macro F1-score (0.7587), narrowly ahead
of the five-model ensemble (0.7573) and Random Forest (0.7308). DT and KNN, despite tuning gains of
+2.92 and +1.55 macro-F1 points respectively over their after-SMOTE default configurations, remain the
two weakest classifiers (0.6694 and 0.5955). DT's single-tree structure and KNN's distance-based
mechanism both appear less able to exploit the imbalanced, high-dimensional (one-hot-encoded)
feature space than the linear, margin-based, and ensemble-tree alternatives.

Performance Comparison: Before SMOTE vs After SMOTE vs Tuned (5 Classifiers)

Accuracy F1-score (macro)
1.0 1.0
mm Before SMOTE . Before SMOTE

Em After SMOTE B After SMOTE
. Tuned . Tuned

0.8 0.8

0.6 4

0.6 4

0.4

0.4

0.2 4 0.2 4

0.0+ 0.0~

LR SVM RF DT KNN LR SVM RF DT

Figure 2. Performance Comparison before SMOTE, after SMOTE, and after tuning
3.4 Per-Class Performance

Table 6. Per-class precision (P), recall (R), and F1-score, tuned classifiers

Model High:P /R /F1 Low: P /R /F1 Medium: P /R / F1
Logistic Regression 0.55/0.91 / 0.69 0.56 /0.88 / 0.68 0.96 /0.78 / 0.86
SVM 0.72 /0.75 / 0.73 0.60 /0.71 / 0.65 0.91 /0.87 / 0.89

Random Forest 0.59 /0.78 / 0.67 0.60 /0.68 / 0.64 0.91 /0.85 / 0.88
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Model High:P /R /F1
0.54 /0.80 / 0.65

0.42 /0.66 / 0.51

Low:P/R/F1
0.43 /0.76 / 0.55
0.40 /0.64 / 0.49

Medium: P /R / F1
0.91/0.73 / 0.81
0.87 /0.71 / 0.78

Decision Tree

K-Nearest Neighbors

Table 6 shows that SVM achieves the most balanced per-class profile, with the highest Low-risk F1
(0.65) and Medium-risk F1 (0.89) among all five classifiers. LR achieves the highest High-risk recall
(0.91), which matters when minimizing missed High-risk projects is the priority, at the cost of lower
High-risk precision (0.55). KNN's per-class scores are uniformly the weakest, particularly for the two
minority classes (High F1 = 0.51, Low F1 = 0.49), confirming its comparative disadvantage for this
imbalanced, high-dimensional classification task.

Logistic Regression VM Decision Tree KNN
{Tuned) ed) (Tuned) {Tuned)

Medium 80 183 Medium 100 58

Figure 3. Confusion matrices, tuned classifiers
Ensemble (Soft Voting, 5 models)

High 114 o] 35
©
2 Low (o] 278 82
<

Medium - 58 187
T T
High Low Medium
Predicted

Figure 4. Confusion Matrix, Five-Model Soft-Voting Ensemble

3.5 Per-Class Ordinal-Consistency Analysis

Table 6 applies the ordinal-consistency decomposition to all sixteen model/stage configurations tested
in this research: five classifiers at three stages (before SMOTE, after SMOTE, tuned), plus the soft-voting
ensemble, which encompasses 7,165 aggregate misclassifications on the held-out test set.

Table 7. Per-class ordinal-consistency decomposition across all

Stage Model Total Errors Adjacent Errors Non-Adjacent Errors OCR
Before SMOTE Logistic Regression 291 291 0 1.0000
Before SMOTE SVM 314 314 0 1.0000
Before SMOTE Random Forest 344 344 0 1.0000
Before SMOTE Decision Tree 475 475 0 1.0000
Before SMOTE KNN 447 447 0 1.0000
After SMOTE Logistic Regression 423 423 0 1.0000
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Stage Model Total Errors Adjacent Errors Non-Adjacent Errors OCR
After SMOTE SVM 385 385 0 1.0000
After SMOTE Random Forest 374 374 0 1.0000
After SMOTE Decision Tree 537 537 0 1.0000
After SMOTE KNN 810 810 0 1.0000

Tuned Logistic Regression 419 419 0 1.0000

Tuned SVM 357 357 0 1.0000

Tuned Random Forest 390 390 0 1.0000

Tuned Decision Tree 574 574 0 1.0000

Tuned KNN 663 663 0 1.0000

Ensemble Soft Voting (5 models) 362 362 0 1.0000

Table 7 shows that all sixteen configurations achieved a perfect Ordinal Consistency Rate of 1.0000.
Across 7,165 aggregate misclassifications spanning five algorithmic paradigms (linear, margin-based,
ensemble-tree, single-tree, and instance-based) and every experimental stage, no instance of a High-risk
project being predicted as Low-risk, or vice versa, was observed. This holds even for the two weakest
classifiers, DT and KNN, despite their substantially higher total error counts (up to 810 for KNN after
SMOTE), indicating that classification weakness in this framework manifests as confusion with the
adjacent Medium-risk category, never as a severity-jump error.

Ordinal Consistency: Where Classification Errors Occur

Aggregated across all 5 classifiers x 4 stages (7,165 total misclassifications, held-out test set)

5,194 errors 1,971 errors
(Low < Medium) (Medium « High)

LOwW HIGH

0 errors (Low « High)
never observed across all 16 configurations

Figure 5. Conceptualizing the Ordinal Consistency

Figure 5 shows that all 7,165 aggregate misclassifications occurred between adjacent risk
categories: 5,194 errors between Low and Medium and 1,971 errors between Medium and High, while
no direct Low-High misclassifications were observed across all 16 model configurations. This indicates
that classification errors generally followed the ordinal structure of risk levels, with predictions shifting
toward neighboring categories rather than jumping between extreme risk levels.

3.6 Interpretation of the Ordinal-Consistency Finding

A plausible explanation lies in the underlying data-generating structure: because Risk_Status was
found to be threshold-derived from a latent, continuous risk signal, the retained predictor features
which correlate with that same underlying signal even after the leaked variable's removal appear to
preserve enough of its ordinal structure that classifiers rarely, if ever, place a project at the opposite
extreme of the risk spectrum. This interpretation is the most parsimonious explanation consistent with
the leakage-audit findings, rather than evidence of an intrinsic ordinal-awareness capability in the
classifiers themselves, none of which was trained with an ordinal-specific loss function. Irrespective of
mechanism, the practical implication is directly relevant to the framework's intended use case: a
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decision-support tool for project risk triage that never mistakes a High-risk project for a Low-risk one
(or the reverse) even when using a comparatively weak classifier such as KNN offers a categorically
different reliability profile than aggregate accuracy alone would suggest. This distinction is recoverable
only through the per-class, ordinal-aware decomposition proposed here [34].

3.7 Comparison with Related Work
Table 8. Comparison with representative related work

Research Algorithm(s) Risk Classes Best Acc. BestF1
[18],2025 ANN Framework IT project risk 0.65 0.67
[11],2024 GBM + t-SNE Multi-level risk 0.85 0.80
[14],2021 LR, RF, DT, SVM Risk percentage 0.89 0.87
[16],2024 ML ensemble Investment risk levels 0.87 0.85
[22],2026 Hybrid ML Risk & resource 092 091
This research (SVM, tuned) LR, SVM, RF, DT, KNN Low/Medium/High Risk 0.8365 0.7587
This research (Ensemble) 5-model soft voting Low/Medium/High Risk 0.8342 0.7573

Table 8 shows that the leakage-audited results presented here (accuracy 0.78-0.86 at baseline,
macro F1-score up to 0.759 after tuning) sit within the range reported by comparable, methodologically
transparent studies in this literature [15], [16], [17]. Consider this alignment a positive validity signal:
near-ceiling performance (>99%) on a task of this nature would be implausible absent target leakage,
and its absence here is consistent with the explicit leakage-screening step performed.

3.8 Practical Implications

SVM and the five-model ensemble are recommended as primary classifiers for deployment, given
their leading macro Fl-scores and the most balanced per-class profiles. LR remains the preferred
classifier where interpretability is a governance requirement, given its coefficient-level transparency
and the highest observed High-risk recall. DT, despite weaker aggregate performance, retains practical
value where rule-based transparency is prioritized over raw accuracy. The Ordinal Consistency Rate
finding supports a specific operational recommendation: because no classifier in this framework,
including the weakest, KNN, produced a severity-jump error, a two-stage triage protocol (automated
classification followed by mandatory human review only for projects flagged near the High-Medium or
Medium-Low boundary) can be implemented with confidence that the automated stage will not silently
misroute a High-risk project into the Low-risk queue.

3.7 Limitations and Future Directions

The dataset, while large (10,919 records) and reflective of realistic class-imbalance proportions,
has characteristics consistent with rule-based or threshold-derived labeling; validation on empirically
labeled, organization-specific project datasets is necessary to establish distributional generalizability.
The SVM and Random Forest hyperparameter search spaces were computationally constrained; a
broader search, particularly for SVM, may further improve tuned performance. The ordinal-consistency
finding is best interpreted as a property of this dataset's latent structure rather than a guaranteed
property of these classifiers in general; replication on independent, non-threshold-derived project-risk
datasets is needed to establish external validity. This framework was not compared against models
trained with explicit ordinal-aware loss functions (e.g, cumulative-link or rank-consistent
architectures); such a comparison would clarify whether the observed ordinal consistency reflects
dataset structure, algorithmic behavior, or both. Future work includes SHAP-based explainability for
per-project risk explanations, ensemble stacking with a learned meta-learner, real-time integration
with project management information systems, and cross-organizational validation studies [32][14]
[33][34].

4. CONCLUSION
This research presented a multi-classifier machine learning framework for automated IT project
risk level identification across 10,919 IT project records, classified into Low, Medium, and High Risk
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categories using five algorithms (LR, SVM, RF, DT, KNN) under a systematic, auditable preprocessing
protocol. A target-leakage screening step identified and removed a variable that deterministically
encoded the risk label, preventing spurious near-perfect accuracy that arises when a feature is built from
the same components used to define the target class. After a controlled before/after SMOTE comparison
and hyperparameter optimization, the tuned classifiers achieved the following test-set accuracy (macro
F1l-score): SVM 83.65% (0.759), RF 82.14% (0.731), LR 80.82% (0.744), DT 73.72% (0.669), and KNN
69.64% (0.596), while the five-model soft-voting ensemble achieved 83.42% (0.757). SVM therefore
gave the best single-model result, closely followed by the ensemble, whereas DT and KNN consistently
underperformed the other classifiers despite computational efficiency. Before SMOTE, some models
achieved higher accuracy (up to 86.68% for LR), but macro recall was markedly lower (0.57-0.75),
confirming that raw accuracy overstates performance on the minority High and Low classes.

The central contribution of this research is a per-class ordinal-consistency evaluation, introduced
to decompose classification errors according to the ordinal structure of the risk categories. Across all
sixteen model configurations tested and 7,165 aggregate misclassifications, every configuration
achieved a perfect Ordinal Consistency Rate of 1.0000: no classifier, at any stage, ever confused a High-
risk project with a Low-risk project. This finding, undetectable through aggregate accuracy or macro F1-
score alone, demonstrates the practical value of systematic, leakage-audited preprocessing combined
with per-class, structure-aware evaluation for ordinally organized IT project risk classification, and is
proposed as a reporting standard for future work in this domain.
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