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Abstract

This study evaluates an explainable ensemble in which Convolutional Neural Network and Bidirectional Long Short-Term Memory feature
extractors feed a Random Forest classifier, applied under one architectural template to two independent tasks: labelling Ebola-related tweets
as symptom-bearing warning signals and labelling structured coronavirus disease 2019 (COVID-19) patient records as positive or negative for
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). The tasks use disjoint data on different diseases, are never fused, and model
no forecasting horizon. Results come from five-fold stratified cross-validation repeated twice, with preprocessing and decision thresholds fitted
inside each training partition and metrics reported per class. On the social media task, the framework attains a positive-class sensitivity of 0.918,
precision of 0.975, and Fl-score of 0.946, exceeding a term-frequency baseline by 0.024 in Fl-score. Two ablations qualify this: raising the
tokenizer vocabulary from 100 to 5,000 terms and training the extractors end-to-end account for the entire gain; the recurrent branch and the
sentiment feature add nothing thereafter. On the clinical task, no configuration improves on a Random Forest over the laboratory variables alone,
but the operating point matters more than the model: reporting at 90% specificity rather than at a probability cut of 0.5 raises sensitivity from
0.310 to 0.711, and to 0.803 at 80% specificity. Discrimination falls to 0.66 in patients without a complete blood count, so the instrument is a
post-haematology triage aid rather than a screening tool. Shapley Additive Explanations rank leukocytes and platelets highest but cover only 14%
of the model’s attribution mass.
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1. Introduction Traditional approaches to outbreak prediction primarily rely
on mathematical and epidemiological models that describe
transmission dynamics and estimate future cases and deaths [2—
4]. However, these models often struggle to adapt to external
and rapidly changing factors such as behavioural changes, hy-
giene practices, social distancing, and emerging variants [5, 6].
To address these limitations, researchers increasingly employ
machine learning (ML) and deep learning techniques to cap-
ture complex patterns and detect shifts in transmission trends
[7-9]. For example, Amin et al. [10] applied Random Forest
(RF), K-Nearest Neighbors (KNN), Support Vector Machine

Early detection of epidemic outbreaks remains critical for
reducing disease spread, minimising mortality, and enabling
timely public health interventions. When surveillance and re-
sponse systems are reactive rather than proactive, outbreaks can
escalate rapidly, placing significant strain on healthcare infras-
tructure and increasing societal and economic burdens [1].
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(SVM), and Decision Tree (DT) models to social media data
for dengue and flu detection. Aleixo et al. [11] utilized a gradi-
ent boosting decision tree algorithm (CatBoost) with epidemio-
logical, weather, and socio-demographic data to predict dengue
cases, while Kirange [12] developed a stacking ensemble us-
ing Google Trends queries and historical case counts for earlier
outbreak identification.

Other studies have applied traditional ML methods such as
KNN, SVM, and REF, decision tree-based models including XG-
Boost (XGB), LightGBM (LGBM), CatBoost, and DT [13-16],
and deep learning approaches such as Long Short-Term Mem-
ory (LSTM), Convolutional Neural Networks (CNN), and Mul-
tilayer Perceptron (MLP) [14, 16-18]. Beyond single models, a
number of studies have combined several learners into ensem-
bles to push predictive performance further [19-23].

Even with this progress, a handful of persistent weaknesses
still hold back the practical use of ML-based early warning
tools. One recurring problem is weak sensitivity: many mod-
els fail to flag a large share of true cases, and the resulting
high false-negative rates undermine their reliability precisely
when early intervention matters most [7]. Heterogeneous data
sources are also rarely handled within a common methodologi-
cal framework; text-based online signals and structured clinical
records are typically studied in separate literatures, with sepa-
rate architectures and incomparable reporting conventions, even
though both are routinely available to the same surveillance unit
[7, 24]. Interpretability tends to be neglected as well, with only
a small fraction of studies adopting explainable artificial intelli-
gence (Al), which leaves clinicians with little basis on which to
trust or act on the predictions [11]. Together, these gaps narrow
the real-world value of current forecasting systems in everyday
public health practice.

Building the framework on CNN, LSTM, and Random For-
est rather than on Transformer- or attention-based designs was
a deliberate engineering decision. Transformers are powerful
sequence models, but their O(n?) self-attention cost and their
need for large training corpora make them ill-suited to epidemic
prediction, where labelled data are scarce and rapid deploy-
ment is essential [25]. A CNN, by comparison, captures local
patterns at only O(n-k-d) per layer [26], and an LSTM mod-
els sequential dependencies at O(n-d?), both far lighter than
full attention. Using a Random Forest as the final classifier
adds two further advantages: it is robust to overfitting on mod-
est datasets and yields feature-importance scores that are inter-
pretable in themselves. It also works hand in glove with Tree-
Explainer, whose Shapley additive explanations (SHAP) com-
putations are tractable for tree-based models in a way that deep-
network SHAP is not [27]. The resulting combination gives up
little predictive power while gaining considerably in efficiency
and transparency, which makes it well suited to the resource-
constrained settings where such systems are most needed.

These difficulties point naturally toward an ensemble strat-
egy, in which models with different inductive biases are com-
bined so that their strengths reinforce one another while their
individual shortcomings are dampened. LSTMs track the se-
quential dependencies that characterise transmission dynamics
[28, 29], CNNs are adept at extracting nonlinear and local struc-

ture from heterogeneous inputs [30], and Random Forests gen-
eralise well, having outperformed classical statistical baselines
such as autoregressive integrated moving average (ARIMA) on
outbreak tasks [31]. Combining the three within one frame-
work therefore allows each to contribute what it does best. Fol-
lowing this reasoning, the present study develops an ensemble
that couples CNN, bidirectional long short-term memory (BiL-
STM), and RF into a single architectural template, applies that
template separately to a text-based and a record-based epidemic
surveillance task, and returns interpretable outputs to support
timely, actionable public health responses. The tasks addressed
are classification tasks: each instance is assigned a label from
evidence already contained in that instance. No outbreak tim-
ing, incidence, or future trajectory is forecast at any point.

A variety of newer architectures has lately been applied to
epidemic forecasting. Temporal Fusion Transformers (TFTs)
pair variable-selection networks with multi-head attention to
produce strong multi-horizon forecasts on influenza-like-illness
data. Spatio-temporal Graph Neural Networks (GNNs) such
as the spatio-temporal graph convolutional network (STGCN)
and diffusion convolutional recurrent neural network (DCRNN)
capture inter-regional spread by exploiting mobility and adja-
cency graphs, attention-augmented LSTMs refine the vanilla
model by weighting the most informative time steps, and hy-
brid CNN-LSTM designs have shown promise for coronavirus
disease 2019 (COVID-19) case prediction.

A common thread, however, is that these methods concen-
trate on a single modality, either clinical time series or text-
based surveillance, and seldom explain their outputs. The ap-
proach taken here differs on two of these points: it builds ro-
bustness through a CNN + BiLSTM + Random Forest ensem-
ble, and it supplies post-hoc interpretability through SHAP. On
the third it makes no claim to advance beyond them: the two
modalities considered here are processed by the same template
but never jointly fused, and the datasets describe different dis-
eases, so this work is a pair of modality-specific studies sharing
an architecture rather than a multimodal fusion method. It is
thus better understood as complementing these single-modality
deep learning methods than as competing with them, and Sec-
tion 3 reports a quantitative comparison against several of them.

This work offers four main contributions. It puts forward an
explainable ensemble that brings CNN, BiLSTM, and Random
Forest models together for the classification of epidemic warn-
ing signals and disease status. It shows that a single architec-
tural template transfers across two very different input modal-
ities, unstructured text and structured laboratory records, and
reports both under one common evaluation protocol so that the
two are directly comparable. It demonstrates empirically that,
on the social media task, the design attains higher positive-class
sensitivity and F1-score than the ablations evaluated here, and
it reports per-class rather than only averaged metrics so that the
size of that gain is not obscured by class imbalance. Finally,
it embeds SHAP-based explainability so that the model’s de-
cisions can be examined and trusted, an especially important
property in healthcare applications.
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2. Method

This section presents the dataset and methodology em-
ployed to achieve the aim of this study. It details the approach
taken to develop an ensemble machine learning model for the
classification of epidemic warning signals and disease status,
applied to two data sources and made interpretable for practical
application.

2.1. Datasets

In the field of infectious disease research, the integration
of heterogeneous datasets enhances the ability to monitor out-
breaks, predict patterns, and assess population-level impact
[32, 33]. Two distinct but complementary data types are used
in this study: tweet data and clinical data. Tweet data are un-
structured [10, 34-36], while clinical data comprise structured,
medically validated information collected from patients during
healthcare visits [4, 37, 38]. This study uses datasets for two
diseases: coronavirus disease 2019 (COVID-19) for the clini-
cal data and Ebola virus disease (EVD) for the tweet data.

2.1.1. Ebola virus disease dataset

The first dataset pertains to EVD, a highly infectious and
often fatal illness caused by the Ebola virus. The dataset was
released with the study of Mirugwe et al. [39], which re-
ports 8,395 English-language tweets collected around the 2022
Ugandan Ebola outbreak using the Twitter Search application
programming interface (API) through the Python Tweepy li-
brary. Keyword-based filtering was applied using search terms
such as “Ebola”, “Ebola virus”, “Ebola outbreak”, “EVD”,
“Ebola Uganda”, and “Ebola crisis”. The collected tweets en-
compass a broad range of content, including individual expres-
sions of concern, official updates, healthcare-related commen-
tary, and public awareness campaigns [10, 39].

The version of the tweet dataset analysed here contains
8,395 records after exact-duplicate removal on the timestamp,
user and text fields. Its timestamps run from 3 January 2023 to
19 January 2023, a seventeen-day window that spans the clos-
ing phase of the Ugandan outbreak, which was declared over
on 11 January 2023. Earlier drafts of this manuscript quoted a
dataset of 13,629 tweets collected between 20 September and
30 November 2022; both figures were incorrect. The 13,629
count is the pre-deduplication size, and the 2022 window de-
scribes the outbreak rather than the collection period of the
file analysed here. No further records were discarded: tweets
whose cleaned text was empty after normalization were re-
tained as empty strings rather than dropped, so the count en-
tering feature extraction equals the count in Table 1.

2.1.2. Coronavirus disease (COVID-19) dataset

The COVID-19 clinical dataset used in this study was ob-
tained from the study by Melchane et al. [40]. The data were
sourced from the Albert Einstein Hospital in Sdo Paulo, Brazil.
The distributed file holds 5,644 records across 111 columns:
a patient identifier, the target, and 109 candidate predictors. It
comprises anonymized clinical records of patients who received
care at the hospital. During their visits, biological samples were

Table 1: Composition of the Ebola tweet dataset after prepro-
cessing. Class labels are assigned by the symptom dictionary of
Section 2.2.1, not by human annotation. Partition sizes are not
listed because all results come from repeated cross-validation
rather than a single split.

Property Value
Records after duplicate removal 8,395
Language English
Collection window 3-19 Jan 2023
Non-warning records (class 0) 7,106
Warning records (class 1) 1,289
Positive prevalence 15.4%
Empty records after cleaning 64
Maximum length after cleaning 18 tokens
Symptom-dictionary terms 22
Tokenizer vocabulary retained 5,000

collected from these individuals for severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) reverse-transcription
polymerase chain reaction (RT-PCR) testing, along with a range
of additional laboratory diagnostics. To ensure patient confi-
dentiality, all data were anonymized in accordance with inter-
nationally recognized standards and ethical guidelines.

The variable groups are summarised in Table 2. Laboratory
values were released already standardised to zero mean and unit
variance by the data provider, and a large share of them are
missing, since each patient received only the subset of assays
their clinician ordered. That sparsity is a defining property of
the dataset rather than a data-quality defect, and it turns out
to govern what performance is attainable, so two cohorts are
analysed throughout and reported separately. The full cohort
comprises all 5,644 records with 102 predictors and median
imputation of missing laboratory values; 558 records (9.9%)
are positive. The complete-case cohort retains the 18 labora-
tory and care-pathway variables recorded for at least 10% of
patients and then keeps only the 598 records complete on all
of them, of which 81 (13.5%) are positive. The complete-case
cohort is the one on which a usable model can be fitted, but re-
stricting to it selects patients who received a full blood panel,
and Section 3 quantifies how much of the apparent performance
that selection supplies.

2.2. Dataset preprocessing

Dataset preprocessing is a critical step in machine learn-
ing, particularly when working with unstructured data such as
tweets, as it transforms raw, noisy, and inconsistent data into a
clean, structured format that models can effectively learn from
[41, 42]. Similarly, structured data can be further preprocessed
by eliminating redundant fields and addressing records with
missing values. Without preprocessing, models may struggle
with irrelevant noise, inconsistent data, or uninformative fea-
tures, leading to poor performance, overfitting, or biased out-
comes [42, 43]. The following subsections outline the prepro-
cessing steps used to prepare the datasets for subsequent analy-
sis.
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Table 2: Variable groups in the COVID-19 clinical dataset
(5,644 records, 102 predictors after removal of uniformly
empty columns, and one label).

Group Examples Type
Demographic  Patient age quantile Ordinal, 0-
19
Care pathway Regular ward, semi- Binary
intensive unit, intensive
care unit admission
Red cell in- Hematocrit, hemoglobin, Continuous,
dices mean corpuscular vol- standardised
ume (MCV), mean
corpuscular hemoglobin
(MCH), mean cor-
puscular hemoglobin
concentration (MCHC),
red cell distribution
width (RDW)
White  cell Leukocytes, lympho-  Continuous,
and platelet cytes, monocytes, standardised
indices eosinophils, basophils,
platelets
Inflammatory  C-reactive protein Continuous,
marker standardised
Respiratory Influenza A and B, Categorical,
pathogen Rhinovirus/Enterovirus, detected /
panel Coronavirus 229E and not detected
NL63, Parainfluenza / not tested
14, Chlamydophila
pneumoniae
Target label SARS-CoV-2 RT-PCR Binary

exam result

2.2.1. Preprocessing of the unstructured dataset

This section presents the workflow for preprocessing the
unstructured tweet dataset. As depicted in Figure 1, the pro-
cess begins with the extraction of disease-related tweets from
the literature. The raw dataset, however, is often noisy and un-
structured, containing irrelevant information, inconsistencies,
and formatting issues, necessitating a series of preprocessing
steps to make it suitable for ML model training.

The first preprocessing step is data cleaning, which focuses
on removing noise and standardizing the text. This involves
eliminating redundant elements such as URLs, emojis, and spe-
cial characters such as @ and #, which are common in tweets
but do not contribute to meaningful analysis. Additionally, stop
words which are frequently occurring words such as “the,” “is,”
or “and” that carry little semantic value are removed, along
with punctuation, usernames, and numeric values. This clean-
ing process ensures that the dataset is streamlined, containing
only the textual content that is relevant for downstream anal-
ysis. Equation (1) shows a representation of the raw tweet
dataset, (2) presents the data cleaning function, and (3) shows
the cleaned dataset.

Ebola tweet corpus
13,629 records - 8,395 after exact-duplicate removal

Data cleaning (row-independent, applied once)
Towercase - profanity mask - HTML unescape - remove @mentions, #hashtags, URLS
keep letters orly - drop the retweet marker - remove 179 English stopwords - drop tokens of < 2 characters

Keras Tokenizer
fitted on the training fold only
V =5,000, reserved OOV index

TextBlob polarity
- sentiment class
(positive / neutral / negative)

Symptom dictionary
22 terms, substring match

Class label y;
(prediction target)

Index sequence

Auxiliary scalar feature zero-padded t0 Lz, = 40

Trainable embedding
50 dimensions:

Figure 1: Workflow for preprocessing the tweet dataset. The
symptom dictionary produces the prediction target; it does not
contribute to the input vector.

T ={t, to,....tn}, (1)
19 = ). )
TO =9, &9, 49, 3)

where #; is a disease-related tweet extracted from literature or
public sources and C(-) removes noise such as URLs, stop-
words, and usernames.

Following data cleaning, the cleaned text is tokenized
(Equation (4)), which breaks it into individual word tokens so
that it can be analyzed systematically. Equation (5) defines a
lemmatization step I(-) that would reduce each token to its dic-
tionary form, for instance converting “running” to “run”. It
should be stated plainly that this step is disabled in the released
implementation: the lemmatizer is constructed but the call is
commented out, so I(-) is the identity in every result reported
here, and the vocabulary consequently retains inflected forms as
distinct terms. Equation (5) is retained because it describes the
intended pipeline and because re-enabling the step is a one-line
change, but no claim in this paper depends on it. No stemming
is applied at any point.

(tok) _
t i =

{wit, wia, ..., wir, }, “4)

A = {lwin), lwi), - .., lwir,)}, 5)

where L; is the number of tokens in tweet i and I(+) is the lemma-
tization function.

Parallel to these text-normalisation steps, which are re-
quired for sentiment analysis, the workflow incorporates pre-
processing steps for symptom analysis and tweet labelling us-
ing a disease-symptom dictionary. Sentiment analysis (Equa-
tions (6) and (7)) categorizes tweets based on their emotional
tone using the lexicon-and-rule-based polarity score of the
TextBlob library, in which tweets with polarity greater than O
are classified as positive, tweets with polarity of 0 are neutral,
and those less than O are negative. These can provide insights
into public perceptions of diseases.
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Symptom analysis (Equations (8) and (9)) identifies men-
tions of specific disease-related symptoms within the tweets, of-
ten using a predefined dictionary of symptoms to map terms to
known medical conditions. This dictionary also aids in tweet la-
belling, where tweets are tagged with relevant disease or symp-
tom categories, creating structured labels for supervised learn-
ing tasks. The symptom dictionary contains the following 22
terms, matched as case-insensitive substrings of the cleaned
tweet: sore, fever, fatigue, malaise, muscle pain, headache,
throat, vomiting, diarrhoea, diarrhea, abdominal pain, rash,
kidney, liver, ill, weak, platelets, rest, sick, fighting, numb, flu.

It should be stated plainly that the class label of Equation (9)
is a deterministic function of this dictionary and of the tweet
text: a tweet is labelled a warning signal exactly when at least
one dictionary term occurs in it. The labels are therefore pro-
grammatic rather than human-annotated, and the implications
of that design choice for the interpretation of the reported scores
are discussed in Section 3.4.

s; = Sentiment(tfle'")), (6)
Positive, s; >0
¢; =<Neutral, s,=0, @)
Negative, 5, <0
2 = [I(dy € 1), ..., I(dg € 1)1, ®)
I, YK, Idien)>1
yi = . , &)
0, otherwise
where d|, d>, ..., d; are the disease symptoms, zgsym) is the

symptom-indicator vector for tweet i, I(-) is the indicator func-
tion, and y; denotes the tweet label.

The workflow then ranks the dataset vocabulary by term
frequency using Equation (10), which both identifies the key
terms dominating the discourse around the disease and deter-
mines which terms are retained. Feature generation does not
use a bag-of-words representation. Each cleaned tweet is con-
verted into an ordered sequence of integer word indices: a vo-
cabulary is fitted over the training partition and truncated to the
V most frequent terms, every retained term w; is assigned an in-
dex «(w)) € {2,..., V+1}indescending frequency order, and ev-
ery term outside that vocabulary is mapped to a single reserved
out-of-vocabulary index ¢,,, = 1 rather than being discarded.
Word order is preserved throughout, which is what makes the
sequence a valid input to a recurrent layer.

L;

N
Fowp =23 1wy = lowa). (10)
i=1

k=1
XD = [lwin)), Wlwi)), - oelwi )], (1)

where f(w;) is the total term frequency of w; across the training
partition, V is the retained vocabulary size, and ¢(-) maps a token
to its vocabulary index or to ¢ooy. The published implementation
set V = 100. That value is retained here only as an ablation: the
dataset contains far more than 100 distinct informative terms,

several symptom-dictionary terms fall outside the hundred most
frequent, and Section 3 shows that this single setting accounts
for most of the performance previously reported. All results
labelled revised use V = 5000.

The index sequences are then zero-padded at the end (Equa-
tion (12)) to a fixed length Ly,.x = 40, which exceeds the longest
cleaned tweet in the dataset (18 tokens), so that every tweet is
represented by an equal-length vector and no sequence is trun-
cated; the padding index O is reserved and carries no term. Stan-
dardizing the vector lengths in this way is required because the
convolutional and recurrent layers take fixed-shape inputs. The
padded index sequence is passed to a trainable embedding layer
of dimension 50, whose output is the actual input to the CNN
and BiLSTM branches. The scalar sentiment class of Equa-
tion (7) is appended after feature extraction, not before (Equa-
tion (13) and Section 2.3).

, xﬁseq)’ L; = Linax
D =D 001, L < Lpw - (12)
N——
Lmax_Li
d d
% = [P N fiam &P O) 1] 31, (13)

where foun(-) and figm(-) denote the CNN and BiLSTM feature
maps defined in Section 2.3 and s; is the sentiment class. The
class label y; of Equation (9) is the prediction target and does
not appear in the input vector; earlier drafts of Equation (13)
included it in error, and no experiment in this work used the
label as a predictor.

2.2.2. Preprocessing of the structured dataset

The first step in preprocessing any structured dataset is to
extract the dataset from relevant sources such as publicly avail-
able databases and literature and inspect the data as illustrated
in Figure 2. Once extracted, preliminary inspection is con-
ducted to understand the structure of the dataset such as the
types of data contained in each column. For example, the clin-
ical dataset summarised in Table 2 contains variables such as
“Patient age quantile”, “SARS-CoV-2 exam result”, “Hemat-
ocrit”, and “Platelets”, which appear to be numerical or cate-
gorical. Understanding the data types and the general layout
helps in determining how each column should be processed.

Healthcare datasets like this one contain extensive missing
data, here because each patient received only the assays their
clinician ordered rather than the full panel. The procedure ap-
plied was as follows. First, any column whose entries were uni-
formly zero or missing was removed, as such a column carries
no information; no other column was dropped, and no miss-
ingness threshold was applied. Second, categorical columns,
which are the respiratory pathogen assays and the target, were
filled with a constant and label-encoded. Third, the remaining
numerical columns were filled with the column median. Fourth,
the target “SARS-CoV-2 exam result” was mapped to 1 for pos-
itive and O for negative. Seven columns are uniformly zero or
missing and are removed by the first step, leaving 102 predic-
tors of which 35 are categorical.
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COVID-19 clinical records
5,644 patients x 111 columns

Drop uniformly zero or missing columns (7 removed)

- 102 predictors, of which 35 categorical

Encode categorical assays (constant fill + label encoding)
map the target to positive = 1/ negative = 0

v

Full cohort
5,644 records x 102 predictors
558 positive (9.9%)

Complete-case cohort
variables recorded for > 10% of patients,
then records complete on all of them
598 records x 18 predictors, 81 positive (13.5%)

Inside each training fold only: median imputation - MinMax scaling - classifier

five-fold stratified cross-validation, repeated twice

Figure 2: Workflow for preprocessing the clinical records, and
the definition of the two cohorts. Imputation and scaling are
fitted inside each training fold.

One property of this procedure must be stated explicitly be-
cause it bears on how the results should be read: filling categor-
ical assays with a constant makes “not detected” and “never or-
dered” indistinguishable to the model, so an apparent pathogen
effect may in part encode which tests a clinician chose to re-
quest. This is also why the complete-case cohort is reported
alongside the full one. In the published implementation the im-
putation and scaling statistics were estimated over the entire
dataset before partitioning; in the present work both are refitted
inside each training partition, and the results in Section 3 come
from the corrected procedure. Class imbalance is handled by
class-weighted forests rather than by resampling; the Synthetic
Minority Over-sampling Technique (SMOTE) method cited in
Ref. [41] is referenced as background and was not used.

Next, feature scaling is applied, which is essential when nu-
merical values across columns have different ranges, as is com-
mon in clinical datasets. For instance, “Hematocrit” and “Mean
platelet volume” might have vastly different scales, which could
bias distance-based models. To avoid this, min—-max normali-
sation, which scales values between O and 1, is applied as pre-
sented in Equation (14).

X — min(x;)

x;j - max(x;) — min(x;)’ (14

where x;; is the original value of feature j for sample i and x; ;
is the normalized feature.

2.3. The ensemble framework

Figure 3 illustrates the proposed ensemble learning frame-
work, which couples CNN and Bidirectional LSTM feature ex-
traction with a Random Forest classifier. The framework is
applied separately to two input types: social media text and
structured clinical records. On the social media side, tweets are
preprocessed as described in Section 2.2.1 and represented as
padded sequences of vocabulary indices.

The same two-branch template is applied to both modal-
ities, and this is the point on which earlier drafts of this

Social media pipeline
Multi-kernel CNN

k=3,4,5x64
GlobalMaxPool -> 192 Concatenate Warning /
+ Srmi';':)"‘ Random Forest non-warning
class
Bidirectional LSTM i

2x 32 units -> 64

Ebola tweets
8,395 padded index

sequences (V= 5,000)

Clinical pipeline

ConviD 32, ConviD 64

GlobalMaxPool -> 64
Bidirectional LSTM

StandardScaler

Positive /
Random Forest negative
50 trees
SHAP (TreeExplainer) over the fitted forest;
attributions displayed on the raw clinical block

Figure 3: The proposed ensemble. Both modalities pass
through a convolutional and a bidirectional recurrent branch in
parallel; the concatenated feature maps, with modality-specific
auxiliary features, are classified by a Random Forest. Both
branches are trained end-to-end with a sigmoid head and then
used as fixed feature maps for the forest (Section 2.4). The two
pipelines share this template but use disjoint data on different
diseases; they are trained and evaluated independently and are
never fused into a single prediction.

COVID-19 records
5,644 scaled
feature vectors

2 x 32 units -> 64

manuscript were internally inconsistent. In each pipeline the
input passes through both a convolutional branch and a bidirec-
tional recurrent branch in parallel, and the two resulting feature
maps are concatenated. On the social media side, the padded
index sequence enters a shared embedding layer, from which a
multi-kernel CNN extracts local n-gram patterns and a Bidirec-
tional LSTM reads the same embedded sequence in both direc-
tions. On the clinical side, the scaled feature vector is reshaped
along a single axis and passed to a convolutional branch and
a Bidirectional LSTM branch in the same way. The clinical
records are cross-sectional, so this axis is an ordering of fea-
tures and not of time; the recurrent branch therefore models de-
pendencies between adjacent feature positions rather than tem-
poral dynamics, and no claim of temporal modelling is made
for the clinical task.

Once both branches have produced their feature maps, the
concatenated vector, together with the modality-specific auxil-
iary features, is standardized and used as the input to a Random
Forest classifier. The Random Forest, composed of an ensemble
of decision trees, is trained on these representations, enabling it
to capture complex relationships by aggregating multiple tree-
based predictions. During inference the trained Random Forest
consumes the same representation to produce a final classifica-
tion. The two pipelines are trained and evaluated entirely inde-
pendently of one another, on datasets describing different dis-
eases; at no point are social media and clinical evidence com-
bined to produce a single prediction, and the framework should
not be read as performing cross-modal fusion.

The feature composition operates as follows. For social
media data, let f.,, denote the 192-dimensional output of the
multi-kernel CNN (three parallel filters of sizes 3, 4, and 5, each
with 64 channels, followed by GlobalMaxPooling), and fism
the 64-dimensional output of the Bidirectional LSTM (2 x 32
hidden units). The scalar sentiment class s is appended, yield-
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ing Xcombined = [fennllfistml|$] With 257 dimensions. For clinical
data, f.n, is 64-dimensional (sequential Conv1D layers with 32
and 64 filters, kernel size 3), fiym is 64-dimensional (Bidirec-
tional LSTM with 32 units), and every scaled clinical predictor
is appended, so the combined width is 146 on the complete-case
cohort (128 learned positions plus 18 predictors) and 230 on the
full cohort (128 plus 102). No feature-selection procedure is
applied at any point; an earlier draft quoted 16 raw clinical fea-
tures and a combined width of 144, and neither figure describes
the implementation. Both combined vectors are standardized
with a StandardScaler fitted inside the training partition before
being passed to the Random Forest classifier.

2.4. Training and evaluation protocol

The convolutional and recurrent branches are trained, which
is a correction to the published implementation. In that imple-
mentation both branches were constructed and then called for
prediction without ever being compiled or fitted, so their out-
puts were fixed random projections of the input at the initial-
ization values, and only the Random Forest was trained. No
optimizer, loss, or epoch count existed to report. In the present
work each pipeline is assembled into a classifier by attaching
a dropout layer (p = 0.3), a 32-unit ReLU dense layer, and a
single sigmoid output, and is trained end-to-end with the Adam
optimizer (learning rate 10~%) under binary cross-entropy, with
class weights inversely proportional to class frequency. Train-
ing uses a batch size of 64 on the social media task and 32 on
the clinical task, a maximum of 15 and 40 epochs respectively,
and early stopping on a 15% validation slice of the training par-
tition with a patience of 3 and 6 epochs and restoration of the
best weights. The trained branches are then detached at the con-
catenation layer and used as fixed feature maps for the Random
Forest, which is the same two-stage arrangement the published
design intends. Both the trained and the untrained variants are
reported throughout, so the contribution of training is measur-
able rather than assumed.

Evaluation is by five-fold stratified cross-validation re-
peated twice, giving ten folds. Every fitted object, the tokenizer,
the imputer, the scalers and the classifiers alike, is fitted inside
the training partition of each fold and applied unchanged to the
held-out partition; no statistic is estimated over the full dataset.
The social media task is reported at the default threshold of
0.5 throughout. On the clinical task, the two fixed-specificity
operating points use thresholds taken from the corresponding
quantile of the out-of-bag predicted probabilities of the nega-
tive cases in each training partition; held-out data is never used
to select a threshold. The Random Forest uses 50 trees on the
social media task and 500 class-balanced trees on the clinical
task, with a Gini splitting criterion, unlimited depth, and ran-
dom_state = 42; Table 5 additionally reports the 50-tree clini-
cal forest of the published implementation, which does not dif-
fer significantly from the 500-tree one. Reported scores are the
mean over the ten folds, and the accompanying + values are the
standard deviation across folds, which is a real dispersion esti-
mate rather than the unattributed figures that appeared in earlier
drafts. Comparisons between configurations use the Wilcoxon
signed-rank test on the paired per-fold scores.

This differs from approaches that use a single model struc-
ture, or that cast epidemic surveillance as a regression prob-
lem over case counts. The present framework is classification-
oriented and is tailored to the identification of warning signals
in individual records. Its distinguishing features are the pair-
ing of convolutional and bidirectional recurrent feature extrac-
tion with a tree-ensemble decision stage, the application of one
template to two structurally different modalities under a com-
mon evaluation protocol, and the use of explainable artificial
intelligence to interpret the resulting predictions.

2.5. Computational complexity analysis

The computational complexity of the proposed framework
is analysed for both training and inference phases. For the
CNN component, each convolutional layer has training com-
plexity O(n-L-k-d), where n is the number of samples, L is the
sequence length, k is the kernel size, and d is the number of
filters. GlobalMaxPooling adds O(n-L-d). The Bidirectional
LSTM has complexity O(n-L-dﬁ) per direction, where dj, is the
number of hidden units. The Random Forest training complex-
ity is O(n-m-T - log(n)), where m is the feature dimension and T
is the number of trees. For inference, CNN requires O(L-k-d)
per sample, LSTM requires O(L-dﬁ) per sample, and RF re-
quires O(T -depth) per sample. In practice, the total inference
time per sample is dominated by the LSTM component but re-
mains within milliseconds, making the framework suitable for
real-time epidemic surveillance applications. By comparison,
Transformer self-attention mechanisms have O(L?-d) complex-
ity per layer, which is quadratically more expensive with re-
spect to sequence length.

3. Results and discussion

This section reports the experimental results for both tasks
under the protocol of Section 2.4. The metrics reported are ac-
curacy, positive-class sensitivity, specificity, positive-class pre-
cision and F1-score, the area under the receiver operating char-
acteristic curve (AUROC), and, for the clinical task, average
precision and sensitivity at fixed specificity. Macro-averaged
recall is given alongside for comparability with earlier drafts,
but is not used to support any claim.

The averaging convention matters here and is stated for ev-
ery number. A macro-averaged recall is the unweighted mean
of the recall of each class. On a problem where the majority
class is classified almost perfectly it is dominated by that major-
ity class and can remain high while the minority class is largely
missed. Where an earlier version of this work reported “recall”
without qualification, the value quoted was macro-averaged;
the positive-class value, which is the quantity of interest in a
screening setting, was in some cases an order of magnitude
lower. Every score below is labelled, and the positive-class
value is given first.

3.1. Predictive performance on social media data

Figure 4 shows the pooled confusion matrices for the pub-
lished configuration and for the revised one, and Table 3 reports
the full metric set for all seven configurations evaluated.
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(A) CNN-RF, V=100, untrained
[configuration as published]

(B) CNN-BiLSTM-RF + sentiment, V=100,
untrained [configuration as published]

(C) CNN-BIiLSTM-RF + sentiment,
V=5000, trained [revised]

True 61 True 62 True 30
non-warning non-warning non-warning
True 450 840 True 391 898 True 106 1,183
warning warning warning
Predicted Predicted Predicted Predicted Predicted Predicted
non-warning warning non-warning warning non-warning warning

Figure 4: Social media task. Counts are summed over the ten cross-validation folds and divided by the number of repeats, so each
panel totals the 8,395-record dataset. Panels A and B use the published configuration (100-term vocabulary, untrained branches);
panel C is the revised configuration.

Table 3: Social media task: performance under five-fold stratified cross-validation repeated twice. Sensitivity, specificity, precision
and F1-score refer to the positive (warning) class; + values are the standard deviation across the ten folds. V is the tokenizer
vocabulary size.

Configuration Acc. Sensitivity Spec. Precision F1 AUROC Macro rec.
CNN-RF, V=100, 0.939 0.651+0.050 0.991 0.933+0.025 0.766+0.033 0.926+0.015 0.821
untrained (as published)

CNN-BiLSTM-RF + 0.946 0.697+0.037 0.991 0.935+0.020 0.798+0.026 0.938+0.012 0.844
sent., V=100, untrained

(as published)

CNN-BiLSTM-RF + 0.956 0.767+0.033 0.990 0.934+0.019 0.842+0.020 0.940+0.010 0.879
sent., V=100, trained

CNN-RF, V=5000, 0.985 0.919+0.019 0.997 0.980+0.019 0.948+0.017 0.981+0.006 0.958
trained

CNN-RF + sent., 0.984 0.919+0.018 0.996 0.978+0.017 0.948+0.016 0.983+0.008 0.958
V=5000, trained

CNN-BiLSTM-RF + 0.984 0.918+0.018 0.996 0.975+0.010 0.946+0.012 0.984+0.007 0.957
sent., V=5000, trained

(proposed)

Term frequency—inverse 0.977 0.876+0.023 0.995 0.972+0.012 0.922+0.016 0.981+0.005 0.936

document frequency
(TF-IDF) + logistic
regression (reference)

In the published configuration the framework recovers 651
of every thousand warning tweets at a precision of 0.933, for
an Fl-score of 0.766; adding the recurrent branch and the
sentiment feature raises sensitivity to 0.697 and F1-score to
0.798. Both differences are significant across folds (p = 0.002,
Wilcoxon signed-rank), and they are the improvements reported
in earlier drafts. The revised configuration reaches a sensitivity
of 0.918 and an F1-score of 0.946, an increase of 0.148 in F1-
score over the published proposed model (p = 0.002). Accu-
racy moves only from 0.946 to 0.984 across the same compari-
son, which is why it is not treated as the headline result: 84.6%
of the dataset belongs to the negative class, and a classifier that
predicted “non-warning” everywhere would score 0.846 while

detecting nothing.

3.1.1. Where the improvement comes from

Two changes separate the published configuration from the
revised one, and an ablation over both shows that they, and not
the ensemble structure, account for the whole of the gain.

Training the feature extractors is worth 0.044 in F1-score
at the published vocabulary, raising the proposed model from
0.798 to 0.842 (p = 0.002). The tokenizer vocabulary is worth
considerably more. Figure 5 sweeps it while holding everything
else fixed: sensitivity rises from 0.767 at V = 100 to 0.875 at
V = 1000 and 0.910 at V = 5000, and F1-score from 0.842
to 0.940. The mechanism is straightforward once stated. The
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Figure 5: Effect of the tokenizer vocabulary cap on the pro-
posed architecture, all else held constant. The dashed line is the
term-frequency reference model of Table 3.

cleaned dataset contains several thousand distinct terms, and
the symptom dictionary that defines the label has 22 entries,
most of which do not fall among the hundred most frequent
words in the dataset. A 100-term vocabulary therefore maps
the majority of the label-bearing tokens to a single shared out-
of-vocabulary index, and no amount of architectural elaboration
downstream can recover information that the tokenizer has al-
ready discarded.

Once both corrections are made, the components that distin-
guish the proposed model from a plain convolutional pipeline
stop contributing. At V = 5000 the CNN-RF model attains an
F1-score of 0.948 and the full CNN-BiLSTM-RF model with
sentiment attains 0.946; the difference is —0.003 in favour of
the simpler model and is not significant (p = 0.43). Adding the
sentiment feature alone likewise changes nothing (p = 0.28).
The recurrent branch and the sentiment feature therefore earn
their place only in the presence of the vocabulary bottleneck,
where they partially compensate for information the tokenizer
removed. This is a negative result about the architecture and
it is reported as such: the ensemble is not harmful, but on this
task, at an adequate vocabulary, it is not justified by its cost
either.

3.1.2. Comparison with a term-frequency reference

Because the label is defined by a keyword rule, a linear
model over term frequencies is the natural reference, and Ta-
ble 3 includes one: TF-IDF features over unigrams and bigrams
with class-balanced logistic regression. It attains a sensitivity of
0.876 and an F1-score of 0.922. The published configuration is
well below this reference on every metric, by 0.124 in F1-score;
the revised configuration is above it by 0.024 (p = 0.002). The
comparison is worth stating plainly in both directions. It means
the deep pipeline as originally reported was outperformed by
a standard linear baseline that takes seconds to fit, and it also
means that once the vocabulary and training defects are repaired
the deep pipeline does exceed that baseline, though by a margin

Table 4: Representative false negatives of the revised model on
the social media task. Examples are paraphrased and redacted;
handles are replaced by [user] and locations by [loc].

Pattern
Metaphorical or
political use

Example

“[user] says he expects the fever to
break tomorrow. Fever? This is polit-
ical ebola.”

Incidental non- “Outbreak of verbal diarrhoea, it seems,
medical use and people are getting aggressive.”
Unhandled nega- “I don’t have Ebola but my colleague

tion at work has been off sick for three days
now with high fever.”
“Cold sores again, maybe.
this.”

Short or sparse
signal

Day 2 of

far smaller than the headline figures alone would suggest.

3.1.3. Error analysis of misclassified warning tweets

On a single stratified held-out partition the revised model
leaves 18 false negatives among 258 positive tweets. Every one
of them contains exactly one symptom-dictionary term, and in-
spection shows that term is almost always used outside a medi-
cal context: metaphorical or political usage (‘“verbal diarrhoea”,
“political ebola”), incidental usage, or a passing reference in an
unrelated topic. Misclassified tweets are shorter than correctly
classified positives, 8.9 tokens against 11.1 on average, giving
a sparser representation. Negation patterns appear in 16.7% of
them.

One pattern reported in earlier drafts does not survive the re-
vised run. Neutral sentiment polarity accounts for 50.0% of the
false negatives, but 50.3% of all positive tweets are neutral, so
neutral sentiment is not over-represented among the errors and
the earlier claim that “over 90%” of false negatives were neu-
tral was an artefact of the weaker configuration. Table 4 gives
illustrative examples, paraphrased and redacted. These findings
still point toward context-aware embeddings and explicit nega-
tion handling, but the residual errors are now concentrated in
genuinely ambiguous non-medical usage, which is a harder and
more interesting problem than the one the original error analy-
sis described.

3.2. Predictive performance on clinical data

The clinical task is reported on both cohorts defined in Sec-
tion 2.1. Two reporting decisions govern how these numbers
should be read, and both are corrections to earlier drafts.

The first concerns the decision threshold. A screening in-
strument is specified by its operating point, not by the arbitrary
probability cut of 0.5, and on a task with 13.5% prevalence
the default threshold sits far into the region where the classi-
fier abstains from the minority class. Sensitivity is therefore re-
ported at two clinically meaningful operating points, 90% and
80% specificity, alongside the default. The second concerns
how those thresholds are obtained. A threshold read off the
model’s own training-set scores does not transfer: a Random
Forest classifies its training data almost perfectly, so the 90th



Muhammed et al. / J. Nig. Soc. Phys. Sci. 8 (2026) 3606 10
0.651 0.766 0.926
CNN-RF, V=100, untrained - —=— E —e— B ==
0.697 0.798 0.938
CNN-BiLSTM-RF+sent, V=100, untrained - == e ol | B [l I
0.767 0.842 0.940
5 CNN-BiLSTM-RF+sent, V=100, trained - o= . o+ B o
%: """""""" 0919 " [T TTTTITTTTTTTA 0948~~~ [~ TTTTTTTT 0981 " °
'§ CNN-RF, V=5000, trained - Fod . Fe g to4
z 0.919 0.948 0.983
CNN-RF+sent, V=5000, trained - loi e Fed B o+
0.918 0.946 0.984
- CNN-BiLSTM-RF+sent, V=5000, trained - (]| - (L] s Fod
Q
xg ............................... 0876 [ Qi T [ 0981 """
L TF-IDF + logistic regression - Fe+ E (X T] B )]
1 1 I 1 1 1 1 1 1 1
0.6 0.8 1.0 0.7 0.8 0.9 1.0 0.90 0.95 1.00
Sensitivity Fl-score AUROC

Figure 6: Social media task: mean and standard deviation across the ten folds. Configurations above the dashed rule use the
published settings; those below use the revised settings, with the term-frequency reference at the foot.

percentile of its in-sample negative scores is far too low, and
applying it to held-out data delivers 66% specificity rather than
the intended 90%. All thresholds reported here are therefore
estimated from out-of-bag predictions on the training partition
only, which does transfer: the realised specificity on held-out
data is 0.896 against a 0.90 target and 0.796 against a 0.80 tar-
get.

At the default threshold the recommended configuration re-
covers 31.0% of positive cases, which is the figure that would
have been reported had the earlier convention been retained.
At 90% specificity it recovers 71.1%, and at 80% specificity
80.3%. The model has not changed between these three rows of
Table 5; only the operating point has. The discriminative ability
described by the AUROC of 0.893 was present throughout and
was concealed by reporting a single unsuitable threshold, and
this is the single largest correction to the clinical results in this
revision.

On the choice of classifier, the evidence is unambiguous and
largely negative. A Random Forest on the laboratory variables
alone is the strongest configuration on this cohort. Histogram
gradient boosting is significantly worse (—0.030 in AUROC,
p = 0.027; —0.124 in sensitivity at 90% specificity, p = 0.004),
and the proposed CNN-BIiLSTM ensemble is worse on both
measures without reaching significance (—0.018 in AUROC,
p = 0.084; —0.049 in sensitivity at 90% specificity, p = 0.098).
Increasing the forest from the 50 trees of the published imple-
mentation to 500 changes nothing that survives testing (+-0.006
in AUROC, p = 0.57). Nothing in the deep pipeline improves
on a Random Forest fitted directly to eighteen laboratory vari-
ables, and Figure 8 shows the standard-deviation bands over-
lapping for every pair.

3.2.1. The full cohort and what missingness costs
On the full cohort of 5,644 records the picture is different in
kind rather than degree. Median imputation followed by a Ran-
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dom Forest attains an AUROC of 0.617; replacing it with his-
togram gradient boosting, which routes missing values natively
rather than filling them, attains 0.661, with average precision
rising from 0.143 to 0.212 and sensitivity at 90% specificity
from 0.115 to 0.180. Imputing a laboratory value that was never
ordered destroys information that a model able to represent ab-
sence can use. Even so, the resulting discrimination remains
weak.

3.2.2. Cohort selection and a negative control

The complete-case cohort is obtained by retaining variables
recorded for at least 10% of patients and then keeping only
records complete on all of them. A patient enters that cohort
only if a clinician ordered a full blood panel, which is itself in-
formed by clinical suspicion, so the obvious objection is that
the model is recovering the ordering decision rather than the
laboratory signal. That objection is testable, and Table 6 tests
it: a classifier given only the number of assays ordered for each
patient, and no laboratory value at all, attains an AUROC of
0.510, which is chance. The ordering decision carries essen-
tially no information about SARS-CoV-2 status in this dataset,
and the complete-case result is therefore not an artefact of who
was tested.

What cohort restriction does supply is the laboratory vari-
ables themselves, and Figure 10 shows that this is an all-or-
nothing property of the data. Relaxing the completeness thresh-
old does not trade features against sample size smoothly. At
thresholds of 6-10% the cohort holds 18 to 24 variables for 242
to 598 patients, and AUROC sits between 0.86 and 0.87. At
15% and above only four variables survive, but every one of the
5,644 records qualifies, and AUROC falls to 0.63. There is no
intermediate cohort: this dataset consists of roughly six hun-
dred patients who received a full blood panel and five thousand
who received almost nothing.
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task, complete-case cohort (n = 598, 18 predictors, 81 positive). Five-fold stratified cross-validation repeated

twice; + values are the standard deviation across the ten folds. Operating-point thresholds are estimated from out-of-bag predictions

on the training partition.

Configuration AUROC AP Sens. @ 0.5 Sens. @ 90% Sens. @ 80%
spec. spec.
Random Forest on clinical 0.893+0.029 0.625 0.310+0.141 0.711+0.107 0.803+0.085
features (recommended)
Random Forest, 50 trees (as 0.887+0.031 0.622 0.347+0.183 0.667+0.093 0.797+0.079
published)
Histogram gradient boosting 0.863+0.037 0.599 0.636+0.116 0.587+0.108 0.710+0.097
CNN-BiLSTM-RE, trained 0.875+0.029 0.665 0.383+0.154 0.661+0.109 0.802+0.058
(proposed ensemble)
1.0 4
se;/;ifi?/(iatcyif(i)c.g%3 R ’ 90% specificity 0.711
0.8
> 0.6 A 90% specifi ‘
> sensitivit .
= 80% specificity 0.803
C .
& 0.4 -
0.2 A
e Threshold 0.5
—,-’ Complete-case cohort (n = 598) AUROC 0.892 (as reported)
0.0 4 g Full cohort (n = 5,644) AUROC 0.662
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Figure 7: Clinical task. Left: receiver operating characteristic curves for the recommended configuration on each cohort, with the

two operating points marked. Right: the same complete-case model reported at three thresholds.
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Figure 8: Clinical task, complete-case cohort: mean and standard deviation across the ten folds at the default threshold. The bands

overlap for every pair.

3.2.3. What the model is, and is not, for
Taken together, these results define the instrument more
precisely than earlier drafts did. A model that requires a com-
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plete blood count cannot be a point-of-care screening tool, be-
cause at the point of care the panel has not been ordered; on
the population that has not been tested, discrimination is near
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(A) Random Forest on clinical
features alone [baseline]

(B) CNN-BiLSTM-RF, untrained
[configuration as published]

(C) CNN-BIiLSTM-RF, trained
[revised]

True 4 True 2 True 2
negative negative negative
True 66 15 True 56 24 True 54 27
positive positive positive
Predicted Predicted Predicted Predicted Predicted Predicted
negative positive negative positive negative positive

Figure 9: Clinical task, complete-case cohort (n = 598, 81 positive), decision threshold 0.5. Counts are pooled over the ten folds
and divided by the number of repeats. Panel A is a Random Forest on the laboratory variables alone.

Table 6: Clinical task, full cohort (n = 5,644, 67 numeric predictors, 558 positive), same protocol. The negative control uses only
the number of assays ordered for each patient and no laboratory value.

Configuration AUROC AP Sens. @ 0.5 Sens. @ 90% Sens. @ 80%
spec. spec.
Random Forest + median 0.617+0.018 0.143 0.581+0.063 0.115+0.033 0.246+0.034
imputation
Histogram gradient boosting, 0.661+0.012 0.212 0.799+0.060 0.180+0.102 0.277+0.080
native missing-value handling
(recommended)
Negative control: number of 0.510+0.022 0.111 0.068+0.027 0.073+0.026 0.073+0.026
assays ordered, alone
1.0 - takes hours to days.
24 features Positioned there, as a post-haematology, pre-PCR triage aid
091 — rather than as a screening or diagnostic instrument, the frame-
work is defensible on its own numbers. At 80% specificity it
0 %% By flags 80.3% of patients who will subsequently test positive, us-
2 4 features ing a panel that has already been drawn, at no additional cost
2077 3564 to the patient and with a result available while the confirmatory
° test is pending. It does not replace that confirmatory test, and
061 the 19.7% of positive patients it misses at that operating point
B S is the reason it cannot.
108 ' T 3.3. Feature explainability with Shapley additive explanations

Records available at that completeness threshold (log scale)

Figure 10: Discrimination against cohort size as the complete-
ness threshold is relaxed. The feature availability is bimodal,
and no intermediate cohort exists.

chance. But the complete-case cohort is not an arbitrary subset.
It is the population for whom a blood count exists and a poly-
merase chain reaction result does not yet, and that gap is a real
interval in the clinical pathway: a complete blood count returns
within roughly half an hour, whereas reverse-transcription PCR
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(SHAP)

The classifier’s input is a concatenation of learned feature
maps and raw clinical variables rather than clinical variables
alone, so the mechanism by which the attributions are produced
needs stating. TreeExplainer is applied to the fitted Random
Forest over its full input vector, so the attributions belong to
the deployed model and not to a surrogate. The plots then dis-
play only the trailing block of that vector, which is the scaled
raw clinical features: the SHAP array is sliced along its fea-
ture axis to the final |xyeq| positions and along its output axis
to the positive class, and paired with the matching columns of
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Figure 11: SHAP summary (beeswarm) plot over the raw clin-
ical block of the classifier input, positive class, complete-case
cohort.

the held-out matrix and their variable names. Attributions car-
ried by the convolutional and recurrent positions are not shown,
because those positions have no clinical name to display.

That omission is larger than it may appear, and quantifying
it is a necessary caveat on the interpretability claim. The raw
clinical block accounts for 14.1% of the model’s total mean ab-
solute attribution; the remaining 85.9% sits in the learned po-
sitions, which are not interpretable in clinical terms. The plots
below are therefore a faithful view of a minority of the model’s
behaviour, and the framework is interpretable in a weaker sense
than an unqualified claim of explainability would imply.

Within that block the ranking is clear and is not the one re-
ported in earlier drafts. Leukocytes dominate, with a mean ab-
solute SHAP value of 0.0334, followed by platelets at 0.0130;
eosinophils, monocytes, and mean platelet volume follow an
order of magnitude lower. Patient age quantile ranks sixth at
0.0029, roughly a tenth of the leading variable. Earlier ver-
sions of this manuscript named patient age as the strongest
driver of the model’s predictions, and that claim does not sur-
vive the corrected analysis; it appears to have arisen from a run
on a differently constructed feature set. Permutation importance
computed on the held-out partition agrees on the direction: the
largest single contributors are learned features, with platelets
and eosinophils the highest-ranked named clinical variables.

The surviving interpretation is clinically coherent and more
modest than before. The model responds principally to white-
cell and platelet indices, which is consistent with the haemato-
logical signature of acute viral infection, and the care-pathway
variables contribute almost nothing once the laboratory values
are present. Because the attributions cover only a seventh of
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Figure 12: Mean absolute SHAP value per clinical variable. To-
gether these account for 14.1% of the model’s total attribution
mass.

the model’s behaviour, and because the model itself does not
outperform a Random Forest on the same variables, these ex-
planations should be read as a description of what the classifier
attends to rather than as evidence for a diagnostic mechanism.

3.4. Limitations

The class labels on the social media task are programmatic
rather than human-annotated. A tweet is labelled a warning
signal exactly when one of 22 dictionary terms appears in it,
and the classifier receives an encoding of the same text, so the
task is the recovery of a deterministic keyword rule. The scores
in Table 3 measure how closely the pipeline approximates that
rule, not how well it identifies genuine epidemiological warn-
ing signals, and the high absolute values should be read in that
light. A human-annotated evaluation subset is required before
any claim of epidemiological validity can be made.

The architecture is not justified by the evidence presented.
At an adequate vocabulary the recurrent branch and the senti-
ment feature produce no measurable improvement over a con-
volutional pipeline alone, and on the clinical task no configu-
ration, deep or otherwise, differs significantly from a Random
Forest on the laboratory variables. The framework’s value on
the social media task rests on training the extractors and on an
adequate tokenizer vocabulary, both of which are ordinary im-
plementation requirements rather than contributions.

The clinical instrument requires a complete blood count and
is therefore not a point-of-care screening tool. On the popula-
tion without one, discrimination is near chance (AUROC 0.66
at best), so the framework applies only in the interval between
haematology and confirmatory testing. Even at its intended op-
erating point it misses 19.7% of positive patients at 80% speci-
ficity, and 28.9% at 90% specificity, so it cannot substitute for
the confirmatory test.

The complete-case cohort is a selected population of 598
patients from a single hospital, with only 81 positive cases.
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Fold-to-fold variation in sensitivity is correspondingly wide
(£0.107 at 90% specificity), and an operating point estimated
on data of this size should be re-estimated on local data before
any deployment.

The interpretability claim is partial. SHAP attributions over
the named clinical variables account for 14.1% of the model’s
total attribution mass; the remainder lies in learned features
with no clinical reading.

The application of a recurrent layer to the clinical dataset
remains unconventional, as the records are cross-sectional. The
Bidirectional LSTM models dependencies between adjacent
positions in an arbitrary feature ordering, which is a pseudo-
sequence and not a time series, and the ablations in Table 5
give no evidence that it helps.

Both datasets are narrow. The tweet dataset covers a
seventeen-day window in January 2023 in English only, and
the clinical records come from a single hospital in one city dur-
ing one phase of one pandemic. Multi-site validation across
diseases, languages and healthcare systems remains necessary.

4. Conclusion

This study evaluated an explainable CNN-BiLSTM-
Random Forest framework on two independent epidemic
surveillance classification tasks under repeated stratified cross-
validation, with all preprocessing fitted inside the training parti-
tion and all metrics reported per class. Four conclusions follow
from the evidence.

On the social media task the framework performs well in ab-
solute terms, recovering 91.8% of warning tweets at a precision
of 0.975 and an F1-score of 0.946, and exceeding a tuned term-
frequency baseline by 0.024 in F1-score. This is a substantially
better result than the same framework achieved as originally
implemented.

The improvement, however, is attributable to two imple-
mentation corrections rather than to the architecture. Raising
the tokenizer vocabulary from 100 to 5,000 terms and training
the feature extractors end-to-end together account for the whole
of the gain. Once both are in place, removing the recurrent
branch and the sentiment feature costs nothing measurable, so
the ensemble structure that the framework is named for is not
supported by these experiments on this task.

On the clinical task the finding about the architecture is neg-
ative but the instrument itself is usable once specified correctly.
No configuration improves on a Random Forest fitted to the
eighteen laboratory variables alone, and the proposed ensemble
is slightly worse. What changes the clinical conclusion is not
the model but the operating point: at 90% specificity the recom-
mended configuration recovers 71.1% of positive cases and at
80% specificity 80.3%, against 31.0% at the default threshold
of 0.5. A negative control confirms that this is not an artefact of
which patients were tested, since the number of assays ordered
carries no predictive information on its own (AUROC 0.510).
The instrument is best described as a post-haematology, pre-
PCR triage aid rather than a screening or diagnostic tool, be-
cause on patients without a blood count discrimination is near
chance.
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On interpretability, SHAP attributions over the deployed
classifier rank leukocytes and platelets highest, with patient age
sixth, a pattern consistent with the haematological signature
of acute viral infection. The attributions cover 14.1% of the
model’s behaviour, so the framework is interpretable in a par-
tial sense that should be stated rather than assumed.

Taken together, the results support a narrower claim than the
one this line of work began with. A convolutional feature ex-
tractor coupled to a tree ensemble, properly trained and given
an adequate vocabulary, is an effective and interpretable clas-
sifier of textual warning signals; the additional recurrent and
sentiment components, and the transfer of the whole template
to sparse cross-sectional clinical records, are not supported by
the evidence gathered here.

5. Future work

The most immediate extension is a human-annotated eval-
uation subset for the social media task, which would allow
the pipeline to be assessed against epidemiological judgement
rather than against a keyword rule, together with context-aware
sentence embeddings and explicit negation handling to address
the residual errors of Table 4. On the clinical side, the infor-
mative direction is not a larger architecture but better inputs:
features available before a full blood panel is ordered, and a de-
sign that treats the ordering decision itself as data rather than
as a filter. A genuine fusion experiment, on a dataset in which
text and clinical evidence describe the same population over the
same period, would test the multimodal claim that the present
design cannot support, and prospective validation against dated
outbreak endpoints would extend the work from classification
toward early warning proper.

Deployment considerations are recorded here as prospects
rather than results. The feature extraction pipeline has low in-
ference latency, on the order of milliseconds per sample, and
the modular architecture allows the branches to be parallelized
on GPU hardware while the Random Forest scales linearly with
data volume. Integration with surveillance platforms such as
the Global Outbreak Alert and Response Network (GOARN)
through RESTful application programming interfaces would be
straightforward, and the compact model footprint suits edge
deployment on low-power hardware through integer quantiza-
tion and lightweight runtimes. Any deployment would need to
comply with applicable health data regulations, and federated
learning offers a route to training without centralizing patient
records. None of these directions is evaluated in this work, and
none should be pursued on the clinical task until the perfor-
mance questions above are settled.

Data availability

The code, the fold-level cross-validation results, and the
scripts that regenerate every figure and table in this paper are
available at https://github.com/xacking/epidemic-warning-c
lassification. The repository records the exact preprocessing,
the 22-term symptom dictionary, the cross-validation seeds, the
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definition of both clinical cohorts, and the out-of-bag procedure
used to fix the reported operating points.

Neither dataset is redistributed. The Ebola tweet dataset
was released with the study of Mirugwe et al. [39] and remains
subject to the platform’s terms, under which only tweet identi-
fiers and a hydration route may be shared; the COVID-19 clini-
cal records are publicly available in the Hospital Israelita Albert
Einstein release used by Melchane er al. [40]. Instructions for
obtaining both are given in the repository.
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