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Symptom-Treatment Knowledge Graphs for
Contagious and Chronic Disease Profiling

Muralidhar Kukkala
23346795

1 Introduction

This configuration manual describes the complete operational setup required to run the disease
profiling framework that integrates biomedical text processing, symptom-—treatment
canonicalization, knowledge graph construction, community detection, machine-learning
classification, BioBERT embeddings, and graph-neural-network (GNN) learning with
explainability (SHAP & GNNExplainer).

The manual ensures that the system executes consistently on any local or cloud-based Python
environment, including Jupyter, and colab.

2 System Requirements
2.1 Hardware

e Minimum 8§ GB RAM (16 GB recommended)
e GPU recommended for BioBERT & GNN (CUDA-enabled)

2.2 Operating System
Supported platforms:

e Windows 10/11

3 Software Stack

3.1 Python Version
Python 3.9 - 3.12

3.2 Mandatory Libraries

Component Libraries Used
Data handling pandas, numpy
Plotting matplotlib, seaborn
NLP spaCy, SciSpaCy, BioBERT (Transformers)
Machine Learning | sklearn, xgboost
Deep Learning PyTorch




Graph Algorithms | networkx
GNNs PyTorch Geometric
Explainability SHAP, GNNExplainer

4 Dataset Requirements

The system expects a CSV file with the following schema:

Column Name Description

Name Disease name

Symptoms Comma-separated symptom list
Treatments Comma-separated treatment list
Chronic 0/1 or Yes/No

Contagious 0/1 or Yes/No

Disease Code | Optional ICD-style code

All text inputs may contain inconsistent formatting—canonicalization handles cleaning.

5 Execution Workflow Overview
5.1 Load & Inspect Dataset

Purpose:

e Read CSV
e Inspect missing values
o Validate schema

# == @) Load - -
FILE_PATH = "Diseases_sSymptoms.csv”
df = pd.read_csv(FILE_PATH)

print{“shape:", df.shape}
print{"Columns:", df.columns.tolist(}}
display(df.head())

F""j."l't{”"‘.,ﬁ::: INFO ===" :I
print{df.info(})

print{"\n=== Miszsing values per column ===")}
display(df.isnad).sumi))

Figure 1: Loading the Dataset and Inspection
Outputs:
e df (raw data)

e Shape, head(), dtype report
e Null-value diagnostics



5.2 Data Cleaning & Preprocessing

I 1) Basic cleaning ------------
# Trim text columns
for ¢ in ["Mame", "Symptoms", "Treatments", "Disease _Code"]:
if ¢ in df.columns:
df[c] = df[c].astype({str).str.strip()

# Normalize Ceonmtagicus/Chreonic te 8/1 (handles 1/8, yes/no, true/false, y/n, strings)
def toel(x):

if pd.ispa(x): return @

5 = str{x).strip(). lower{)

return 1 if = in {"1°,"true”,"yes","y","t"} else @

df["Contagious™]
df["Chronic™]

df["Contagious™].apply(to@l).astype(int)
df["Chronic”].apply(toel).astype(int)

# Parse symptoms/Treatments as lists {split by comma)

def split_listi{x):
if pd.isna(x): return []
parts = [p.strip().lower(} for p In strix).split{","}]
return [p for p in parts if p] # remove empty

df["symptoms_1ist"] df["symptoms"].apply{split_list}
df["Treatments_list"] = df["Treatments”].apply(split_list}

# Simple per-row counts
df["n_symptoms"] = df["Symptoms_list™].apply{len}
df["n_treatments"] = df["Treatments_list"].apply({len)

Figure 2: Dataset Cleaning

Operations performed:

o Trim whitespace

e Normalize boolean labels (Yes/No — 0/1)

e Convert symptom/treatment text — Python lists

o Generate basic statistics (#symptoms, #treatments)
Outputs:

e Cleaned DataFrame df
o Ready for exploratory analysis

5.3 Exploratory Data Analysis
This module generates:

e Top disease distributions

e Symptom & treatment frequencies

e Prevalence of chronicity and contagiousness
e Visual summaries (matplotlib + seaborn)



import matplotlib.pyplot as plt
import seaborn as sns

sns.set{style="whitegrid", font_scale=1.8%)

fig, axes = plt.subplots{z, 2z, figsize=({1l5, 18))
fig.suptitle("Exploratory Data Analysis — Disease Dataset", fontsize=18, weight="bold")

B o e e
# 1. Top 15 Diseases

B o e e
df["Mame"].value_counts{}.head{15).sort_wvalues{).plot{

kind="barh",
color=sns.color_palette("viridis", 15,
ax=axes[8,a]

Y
I

axes[@,8].set_title("Top 15 Diseases by Row Coumt™, weight="bold")
axes[e,8].set_xlabel("Count™)
axes[2,8].set_ylabel("Disease")

- g

# 2. Contagious Distribution

B o e mecmmmmee e

sns.barplot(
®=df["Contagicus"].value_counts(}.sort_index{).index,
y=df["Contagicus"].value_counts().sort_index({}.values,

palette="coolwarm”,
ax=axes[8,1]

Y
g

axes[@,1].set_title("Contagious Distribution (@ = Mo, 1 = Yes)}", weight="bold")
axes[e,1].set_xticks([@,1])

axes[e,1].set_xticklabels(["No {(8)", "Yes {1}"])

axes[a,1].set_vlabel{"Rows")

axes[a,1].set_xlabel("")

sns.barplot(
x=df["Chronic”].value_counts().sort_index().index,
y=df["Chronic”].value_counts().sort_index().values,
palette="magma",
ax=axes[1,a]

Y
£

axes[1,8].set_title("Chreonic Distribution (& = No, 1 = Yes)", weight="bold"}
axes[1,8].set_xticks([&,1])

axes[1,8].set_xticklabels(["No (@)", "ves {1}"])
axes[1,8].set_vlabel{"Rows")

axes[1,a].set_xlabel("")



sym_counts.head({28).sort_values().plot(
kind="barh",
color=sns.color_palette("crest", 283,
ax=axes[1,1]

axes[1,1].set_title("Top 28 Symptoms"™, weight="bold")
axes[1,1].set_xlabel("Count™)
axes[1,1].set_ylabel("symptom"}

# Merge last row into one big axis
fig.delaxes{axes[2,1]) # remove empty axis
big_ax = axes[2,8]

treat_counts.head{28).sort_walues().plot{
kind="barh",
color=sns.color_palette("rocket", 283,
ax=big_ax
big_ax.set_title{"Top 2@ Treatments", weight="bold")
big_ax.set_xlabel{"Count"™)
big_ax.set_ylabel({"Treatment")
plt.tight_layout{rect=[e, @, 1, @.97])
plt.show()

Figure 3: Exploratory Data Analysis
5.4 Disease-Level Aggregation
The system aggregates raw rows into unique disease profiles, combining:
e unified symptom sets
e unified treatment sets
e majority labels for Chronic/Contagious
Generated fields:
e sym text
e trx_text

e all text

These are used for TF-IDF vectorization and later for BloBERT embeddings.



I 5) Profiling by label (simple and useful} ------c--me-
# Most common symptoms among contagiocus=1 vs chronic=l
def top_by_flag{flag_col, 1list_col, top=15}:

tmp = df.loc[df[flag_col]==1].explode(list col)[list col]

tmp = tmp[tmp.notna{) & (tmp != "")]

return tmp.value_counts().head{top)

print{"\n=== Top Symptoms im Contaglous=1 ===")
display(top_by flag("Contagious", "Symptoms_list"™, 15)}

print{"\n=== Top Symptoms in Chronic=1 ===")
display(top_by_flag(“"Chronic", "symptoms_list™, 15})

print{"\n=== Top Treatments in Contagious=1 ===")
display(top_by_flag("Contagious™, "Treatments_list", 1%5)}

print{"\n=== Top Treatments in Chronic=1 ===")
display(top_by_flag("Chronic", "Treatments_list", 15))

# Simple gap view: which symptoms differ most between contagious vs not

sym_in = df.loc[df["Contaglous”]==1].explode("symptoms_list")}["Symptoms_Llist"].walue_counts(normalize=True}
sym_out = df.loc[df["Contagious"]==2].explode("symptoms_list")["symptoms_list"].value_counts(normalize=True)
gap = (sym_in - sym_owt).abs{).dropna(}.sort_values(ascending=False)}.head{15)

print{"\n=== symptoms with largest prevalence gap (Contaglous ws Not) ==="}
display(gap)

B e

# Aggregate to DISEASE level

B e

agg =

df .groupby ( "Mame" )
38801

"Disease_Code":"first",

"Contagious": lambda s: int(s.mean(} »= 8.5),

"Chronic”: lambda s: int(s.mean() »>= &.5),

"symptoms_list"™: lambda 11: sorted{set(x for L in 11 for x in L}),

"Treatments_list": lambda 11: sorted(set(x for L in 11 for x in L})
n

Jreset_index()

-

# Easy-to-use text for wvectorizers

ageg["sym_text"] agg["symptoms_list"]).apply(lambda xs: ", ".join{xs})
ageg["trx_text"] agg["Treatments_list"].apply(lambda xs: ", ".join{xs))
ageg["all_text"] age["sym_text®] + " || " + agg["tra_text"]

print{"Disease-level shape:", agg.shape)
display(agg.head( )}

Figure 4: Unique Disease Profiles
5.5 Supervised Learning (Baseline Models)
The system trains and evaluates:

e Logistic Regression (Contagious prediction)
o Logistic Regression (Chronic prediction)

Each run outputs:



e Accuracy

e Precision

e Recall

e Fl-score

e Confusion matrix plot
e Bar chart of metrics

P
def run_task(x, y, title):
Xtr, xte, ytr, yte = train_test_split(
¥, ¥, test_size=2.25, random_state=42, stratify=y
clf = LogisticRegressioni{max_iter=2888, class_weight="balanced")
clf.fit{Xtr, ytr)
ypr = clf.predict(xte)

dcc = accuracy_score{yte, ypr)

pre = precision_score(yte, ypr, zero_division=8}

rec = recall_score{yte, ypr, zero_division=08)

f1 = f1_score{yte, ypr, zero_division=28)

print{f"\n{title} -» Accuracy={acc:.3f} Precision={pre:.3f} Recall={rec:.3f} Fil={Ff1:.3F}")

# Comfusion Matrix {clear for mon-technical readers)

fig, ax = plt.subplots({figsize=(£.5,4))
ConfusionMatrixpisplay(confusion_matrix{yte, ypr)).plet{ax=ax, ceclorbar=False}
ax.seft_title{f"{title} — Confusion Matrix")

plt.tight_layout(); plt.show()

# Metrics bar {labels on bars)

vals = [acc, pre, rec, f1]

labs = ["aAccuracy","Precisicn”,"Recall”,"F1"]

plt.figure(figsize={g,4))

plt.bar{labs, vals)

for i,v in enumerate({vals}): plt.text{i, wv+o.82, f"{v:.2f}", ha="center")
plt.ylim(@, 1.85)

plt.title(f"{title} — Performance”)

plt.ylabel{"score")

plt.tight_layout(); plt.show()

Figure 5: Baseline Model Implementation

5.6 Canonicalization via SciSpaCy
Purpose:

o Extract biomedical entities

e Normalize symptom/treatment terms (NER tokenization)

e Reduce duplicates and surface-form variations
Where available:

e Uses SciSpaCy (en_core sci_sm)

Fallback:

e Uses custom regex-based tokenizer.

Outputs:



e sym_canon
e {rx_canon

These feed directly into knowledge graph construction.

def scispacy_extract{text):
ents = []
if nlp is None:
return simple_tokenize_and_norm{text)
doc = nlp(str{text)}
# take entity spans (text) and normalize whitespace/lowercase
for ent in doc.ents:
e = re.sub{r"[~a-ze-2\s"-1", "7, ent.text.lower{}}).strip()
if e: ents.append(e)
if not ents:
# fallback to simple split
return simple_ftokenize_and_norm{text}
return sorted{set{ents))

# Run canonicalization and replace agg columns
if ! not in glebals(}:

a

!
agg

raise RuntimeError{"The disease-level table “agg  is required. Run previous cells first.")

agg = age.copy() # work om a copy
agel["sym_cancn"] = agg["sym_text”].apply{scispacy_extract}
age["trx_cancn"] = agg["trx_text"].apply{scispacy_extract}

print{"sample canonical symptoms/treatments:"™)
display(agg[["Name","sym_text","sym_canon","trx_canon"]].head{4))

Figure 6: Canocalization
5.7 Knowledge Graph Construction
A heterogeneous graph is built with:

5.7.1 Node Types

o Disease nodes
e Symptom nodes
e Treatment nodes

5.7.2 Edge Types

e has symptom
e treated with

Graph metrics produced:
e Node count
e Edge count

o Degree statistics

A neighborhood visualization for a selected disease is generated.



5.8 Community Detection & Disease Clustering

Two alternative community-detection strategies:

5.8.1 1. Greedy Modularity Communities (NetworkX)
e Creates disease clusters from symptom overlap.

5.8.2 2. Louvain (python-louvain)

e More robust for large biomedical graphs.
e Outputs modularity score Q.

5.8.3 Visual outputs:

e Bar charts of top communities
e PCA scatter plot of diseases colored by community

diseases = [n for n in G.nodes{} if G.nodes[n].get("kind")=="disease"]
proj = nx.graph(); proj.add_nodes_from(diseases)

# Map disease -» symptom set
dz_sym = {d: {nbr for _, nbr, dat in G.out_edges{d, data=True)} if dat.get{"rel")=="has_symptom"} for d in diseases}
for i1,d1 in enumerate(diseases):
for d2 in diseases[i+1:]:
W = len{dz_sym[d1] & dz_sym[d2])
if w > 8:
proj.add_edge(dl, d2, weight=w)

from networkx.algorithms.community import greedy medularity communities, quality
comms = list({greedy_modularity_communities{proj, welght="weight"))

Q = quality.modularity(proj, comms, weight="weight")

print{f"Communities: {len{comms)} | Modularity: {Q:.3f}"}

# Bar chart of top community sizes {non-technical summary)
sizes = sorted{[len{c) for ¢ in comms], reverse=True)[:18]
plt.figure{figsize=(6,4))

plt.bar([f"C{i+1}" for i in range(len(sizes))], sizes)
plt.title{"Top community sizes (disease clusters)"™)
plt.ylabel("#>iseases™)

plt.tight_layout(}; plt.show()

Figure 7: Disease Clustering
5.9 Embeddings (TF-IDF or BioBERT)

The system automatically selects the best available embedding method.



5.9.1 Case A: BioBERT Available

o Text encoded via BioBERT mean pooling
o High semantic fidelity

5.9.2 Case B: BioBERT Unavailable

o TF-IDF vectorization
o Fully compatible fallback

transformers = ensure("transformers")
torch = ensure{"torch™)
USE_BIOBERT = transformers is not Mone and torch is not None

if USE_BIOBERT:
from transformers import AutoTokenizer, AutoModel
try:
tok = AutoTokenizer.from_pretrained({"dmis-lab/biocbert-base-cased-v1.1")
mdl = AutoModel.from_pretrained("dmis-lab/biobert-base-cased-vi1.1")
mdl.eval()

def mean_pool(text):
if not text or stritext).strip()=
return np.zeros(mdl.config.hidden_size, dtype="floatz2")
with torch.no_grad(}):
inp = tok(str{text), return_tensocrs="pt", truncation=True, max_length=128)
out = mdl{**inp}.last_hidden_state.mean{l}.squeeze(}.cpuf).numpy{}.astype("floataz")
return out

print("eEncoding disease texts with BicBERT (symptoms+treatments)...")
emb_sym = np.stack{[mean_pool{t) for t in agg["sym_text"]1])
emb_trx = np.stack{[mean_pool{t) for t in agg["trx_text"]11)
¥_dense_bioc = (emb_sym + emb_trx) / 2.8
BIO _SOURCE = "EBicBERT"
except Exception as e:
print(f"BicBERT unavailable at runtime ({e}). Falling back to TF-IDF.™)
USE_BIOBERT = False
if not USE_BICBERT:
# TF-IDF fallback {same as earlier but rebuilt here for completeness)
vec_fallback = Tfidfvectorizer{ngram_range={1,2), min_df=2, max_features=4802}
¥_sparse = vec_fallback.fit_transform{agg["all_text"]}

¥_dense_bio = X_sparse.toarray().astype{"float32")
OTH SAlDFE — “TE T™RC f£31T1harkywn

Figure 8: BioBert Implementation
5.10 Machine Learning with Cross-Validation

Models evaluated via 5-Fold CV:

¢ Random Forest
o XGBoost

Metrics printed:

e Accuracy

10



e Precision
e Recall
e Fl-score

Plot bar charts for each fold average.

def cv_report_clf{clf, X, y, title):
cv = StratifiedkFold(5, shuffle=True, random_state=42)
scores = cross_validate(clf, X, y, cv=cCv,
scoring=["accuracy"”,"precision”,"recall”,"f1"],
n_jobs=-1, return_train_score=False}
metrics = {m: float({scores[f"test_{m}"].mean{)}} for m in ["accuracy","precision”,"recall”,"f1"]1}
print{title, "-+", {k: round{v,3) for k,v in metrics.items({}})
show_metric_bar(title, metrics)

y_cont = ageg["Contagious"].values
y_chro = agg["Chronic"].values

# RandomForest (tree-based, SHAP-friendly)

rf_cont = RandomForestClassifier(n_estimators=408, class_weight="balanced", random_state=42, n_jobs=-1)
rf_chro = RandomForestClassifier(n_estimators=488, class_welght="balanced", random_state=42, n_jobs=-1)
cv_report_clf(rf_cont, X dense_bio, y_cont, "Cv - RandomForest (Conmtagious)™)

cv_report_clf(rf_chro, X dense_bio, y_chro, "Cv - RandomForest (Chronic)™)

# XGBoost (optional)
*gbh = ensure("xgboost")
if xgb:
from xgboost import XGBClassifier
»gb_cont = XGBClassifler(
n_estimators=582, learning_rate=9.85, max_depth=6, subsample=8.2%, colsample_bytree=2.3,
reg_lambda=1.8, random_state=22, n_jobs=-1, objective="binary:logistic", eval metric="lcgloss",
tree_method="hist"

1
g

xgb_chro = XGBClassifier(
n_estimators=c82, learning_rate=9.25, max_depth=g, subsample=8.%, colsample_bytree=g.39,
reg_lambda=1.8, random_state-£2, n_jobs=-1, objective="binary:logistic", eval_metric="lcgloss”,
tree_method="hist"

%
g

cv_report_clf{xgh_cont, X_dense_biec, y_cent, "OV - XGBoost (Conmtagious)"™)

Figure 9: Machine Learning with Cross-Validation
5.11 Module 11 — SHAP Explainability
SHAP analysis explains:

e Which biomedical terms influence contagion classification
e Which features drive chronic disease classification

Outputs:

e SHAP summary plots
e SHAP bar plots

11



B o e
shap = ensure("shap™)
if shap:

import shap as _shap

# F1t RF on full disease vectors (BioBERT or TF-IDF fallback)
rf_cont_fit = RandomForestClassifier(

n_estimators=482,

class_weight="balanced",

random_state=42,

n_jobs=-1
}.Fit{X_dense_bio, y_cont)

rf_chro_fit = RandomForestClassifier(
n_estimators=4a82,
class_weight="balanced"”,
random_state=42,
n_jobs=-1

}.Fit{X_dense_bio, yv_chrao)

# Small sample for speed

rng = np.random.Randomstate(42)

samp_idx = rng.choice(len({agg), size=min({2e@, len{agg)), replace=False}
¥_sample = X_dense_bic[samp_1dx]

det get_shap_values{model, X):

Return 20 SHAP array (n_samples, n_featwres) and explainer,
Figure 10: SHAP Implementation
5.12 GNN Pipeline

5.12.1 Graph Setup

e Disease + symptom + treatment nodes embedded
e Edges mapped to PyTorch Geometric format
e Masks created for train/test separation

5.12.2 Model

A 2-layer GCN:
GCNConv — ReLU — GCNConv — Softmax
5.12.3 Training

e Optimizer: Adam

e Loss: CrossEntropy
e Epochs: 80

12



Outputs:
e Test accuracy, precision, recall, F1

Graph-based prediction models exploit relational biomedical structure.

class SmallacCH(torch.nn.Module):
def __init_ (self, in_channels, hidden=64, ouf_channels=2):
super{}.__init_ ()
self.convl = GCNConw(in_channels, hidden)
self.conv? = GCNConv(hidden, out_channels)
self.act = torch.nn.RelU{}

def forward(self, x, edge_index):
h = self.act{self.convl(x, edge_index}}
h = self.conv2ih, edge_index)
return h

device = torch.device("cuda™ if torch.cuda.is_available() else "cpu")
model = SmallGCH(feature_dim, hidden=54, ouwi_channels=2).to(device)
data = data.to({device}

optimizer = torch.optim.adam({model.parameters(), lr=28.81, weight_decay=5e-4)
loss_fn = torch.nn.CrosseEntropyloss()

model.traing)
epochs = g8
for epoch in range(l, epochs + 1}:
optimizer.zero_grad()
out = modelidata.x, data.edge_index)
loss = loss_fn{out[data.train_mask], data.y[data.train_mask])
loss.backward()
optimizer.step(}

Figure 11: GCN Model Implementation
5.13 GNNExplainer
Purpose:
o Identify most influential symptoms/treatments for disease classification.
Outputs:

e Subgraph highlighting important nodes
o Edge thickness proportional to importance weight

13



explainer = GMNExplainer({model, epochs=282, return_type='log_prob')

# choose a test disease node to explain
node_to_explain = test_idx[e]
node_to_explain = torch.tensor(node_to_explain, diype=torch.leong).to{device)

model.eval{}
node_feat_mask, edge_mask = explainer.explain_nodel
node_to explain.item(), data.x, data.edge_index

# et top-k edges by importance

edge_mask = edge_mask.cpul).detach().numpy(}

edge_index _np = data.edge_index.cpu{}.numpy{)

edges = list(zip{edge_index_np[®], edge_index_np[1], edge_mask)}

top_k = min(s@, len{edges))
edges_sorted = sorted{edges, key=lambda x: x[2], reverse=True)[:top_k]

important_nodes = set{)
for u, v, W in edges_sorted:
important_nodes.add(u)
important_nocdes.add(v)
# map back to original node ids
imp_nodes = [all_nedes[n] for n in iImportant_nodes]

subG = G.subgraph{imp_nocdes).copy()

# importance welghts dict (for edge widths)
edze welshts = {1

Figurel2: GNN Explainer

This is the interpretability layer of the knowledge graph model.

14
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