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« Machine Learning: Disciplina de la IA que, a través de algoritmos, dota a los ordenadores de
la capacidad de identificar patrones en datos masivos y elaborar predicciones.

« Algoritmo no supervisado: Trata los objetos de entrada como un conjunto de variables
aleatorias o conjunto no etiquetado.

« Algoritmo supervisado: Intenta expresar matemdaticamente la dependencia entre entradas
y salidas, deduciendo una funcion a partir de datos.

 Variable dependiente no estd restringida a dos categorias y busca predecir el riesgo.

« Regresidn Logistica: Técnica de andlisis de datos que utiliza las matemdaticas para encontrar
relaciones con los datos en categorias: A, M, B / binario.

Python: Lenguaje de programacion utilizado en la ciencia de datos.
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Estado del arte

Tabla 1: Estudios recientes en sector salud

Autor

Ano

Titulo

Conclusion

Kohli M, Prevedello LM, Filice
RW, Geis JR

Uribe CF, Mathotaarachchi S,
Gaudet V, Smith KC, Rosa-Neto
P, Bénard F, Black SE, Zukotynski
K

Lukotynski K, Gaudet V, Uribe
CF, Mathotaarachchi S, Smith
KC, Rosa-Neto P, Bénard F,
Black SE

Caballé |, Buno A, Bernabeu FA,
Canalias F, Moreno A, lbarz M
Puzo J, Gonzdlez C, Gonzdlez A

2018

2019

2021

2023

Implementing Machine
Learning in Radiology
Practice and Research

Machine Learning in
Nuclear Medicine

Machine Learning in
Medicine

Estado actual y retos
futuros de la medicina de
laboratorio en Espana: un
andlisis de la Sociedad
Espanola de Medicina de
Laboratorio

El éxito de los algoritmos requerird la participacion
de los profesionales en los proximos anos, lo que
generard participacion en lugar de reemplazo

Los algoritmos en medicina pueden ser Utiles y
estan empezando a ayudar en los diagndsticos

Las nuevas familias de algoritmos llevan a
evidente evoluciéon en el campo. BD con
imdagenes compartidas son Utiles, “evaluar”: Etico,
Privado, Propiedad de datos

Formacion de profesionales clinicos en innovacion
tecnoldgica y aplicacion del Big data,

https://pubmed.ncb

i.nIm.nih.gov/32978286/

https://pubmed.ncb

i.nlm.nih.gov/30733322/

https://pubmed.ncb
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Realizar tareas mediante el andlisis y el procesamiento de datos para
predecir riesgos de enfermedad utilizando técnicas de Machine Learning.

Determinar las técnicas mdas adecuadas para el andlisis predictivo
diagndstico a partir de los inputs definidos en la clinica y de un problema
de investigacion.

Emplear resultados historicos de laboratorio hechos a pacientes, previo

diligenciamiento del consentimiento informado para realizar pruebas y
entrenamiento teniendo en cuenta los principios eticos en investigacion.
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21 Metodologia ML
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LtﬂEﬁﬂﬁ‘&gﬁﬁ%&ﬁE Figura 1: Descripcion general del flujo de trabajo
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Figura 2: Regresion Logistica Figura 3: Arbol de decisién

Inputs (X) LOgitS (Y) S (Y) [ Condicién 1 ]47N0d0 raiz

Si
x1 0,8 Nodos de pruebas
\{ Condicién
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Figura 4: Random Forest

Datos de
Entrenamiento Medidas de seleccion:

Criterios para calcular valores para cada atributo.
Los valores se ordenan y los atributos se colocan
en el arbol, el atributo con un valor alto se coloca
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Uso de datos historicos®

Tabla 2: Datos iniciales

ENERO FEBRERO
APELLIDOSY OCUPACION f wospira, | FECHADE | UBICACION DOSIS DOSIS DOSIS | DOSIS
CODIGO |" ' one GENERO CARGO INGRESO |  DEL DOSISDEL | DOSISDEL | . | ACUMULAD | ACUMULAD DOSISDEL | DOSISDEL | (.~ | ACUMULAD  ACUMULAD
ALSERVICIO| DOSIVETRO|PERIODODEUSO | PERIODO | PERIODO | . * | ADESDEEL| A PERIODODEUSO | PERIODO | PERIODO | oo | ADESDEEL| A PERIODO DE USO
DEL DOSIMETRO (msv) (mSV) imS¥} Ho(3) INGRESO |31/12/2018 | DELDOSIMETRO | (msv) (mSV) (mS¥) Hofd) INGRESO | 31/12/2018 | DEL DOSIMETRO
Hp(10) | Hp(0.07) (mSV) (msv) Hp(10) | Hp(0.07) (msv) (mSV)
Hp(10) | Hp(10) Hp(10) | Hp(10)
16316 M | TECNOLOGO ENIMAGENESDX|  HLP jun-16 | TORAX 1AL31 013 0,16 0,6 0553 04 1AL28 012 012 012 065 04 1AL31
16466 F HIGIENISTA ORAL HLP ago-16 | TORAX 1AL31 022 0551 022 038 06 1AL28 0,03 007 005 041 016 1AL31
16470 M ODONTOLOGO HLP ago-16 | TORAX 1AL31 038 04 039 038 0 1AL28 ND ND ND 038 0 1AL31
17062 M | TECNOLOGO ENIMAGENESDX|  HLP ene-17 | TORAX 1AL31 0,19 032 0,19 04 021 1AL28 0,14 038 0,14 054 021 1AL31
17186 M | TECNOLOGO ENIMAGENESDX|  HLP feb-17 | TORAX 1AL31 031 031 031 041 01 1AL28 017 017 017 058 01 1AL31
17357 M 0DONTOLOGO HLP mar-17 | TORAX 1AL31 ND ND ND 016 06 1AL28 ND ND ND 06 016 1AL31
17441 F MEDICO HLP may-17 | TORAX 1AL31 017 022 022 032 0,15 1AL28 026 028 027 0558 015 1AL31
17714 M | TECNOLOGO ENIMAGENESDX|  HLP ju-17 | TORAX 1AL31 032 032 032 081 049 1AL28 0,06 021 0,06 087 049 1AL31
18329 F ODONTOLOGO HLP oct-17 | TORAX 1AL31 011 011 011 011 0 1AL28 ND ND ND 011 0 1AL31
20153 F MEDICO HLP dic18 | TORAX 1AL31 036 036 036 036 0 1AL28 0,08 0,08 0,08 044 0 1AL31
20183 F HIGIENISTA ORAL HLP dic18 | TORAX 1AL31 0,09 01 01 0,09 0 1AL28 0,24 024 0,24 033 0 1AL31

www.congresocnb.com ,O
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o Tabla 3: Formato CSV

codigo,year_month,class,06_data_dosis,05 data_dosis,04 data_dosis,03
16316,201907,0,0.13,0.12,0.26,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.
16466,201907,0,0.22,0.03,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.
16470,201907,0,0.38,0.1,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.0
17062,201907,0,0.19,0.14,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.
17186,201907,0,0.31,0.17,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.
17357,201907,0,0.1,0.1,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.01
17441,201907,0,0.17,0.26,0.25,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.
17714,201907,0,0.32,0.06,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.
« Spyder 10 [18329,201907,0,0.11,0.1,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.0
11 20153,201907,0,0.36,0.08,0.08,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.
* Uso de bibliotecas 12 20183,201907,0,0.09,0.24,0.17,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.
13 16316,201908,0,0.12,0.26,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.01,0.!
14 16466,201908,0,0.03,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.01,0.!
15 16470,201908,0,0.1,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.01,0.0
16 17062,201908,0,0.14,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.01,0.!
17 17186,201908,0,0.17,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.01,0.
18 17357,201908,0,0.1,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.01,0.0
19 17441,201908,0,0.26,0.25,0.01,0.01,0.01,0.01,0.01,0.01,0.01,0.17,0.01,0.
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Grafico 1: Spyder entorno de desarrollo

Spyder (Python 3.8)

Archivo  Editar Buscar Codigo fuente Ejecutar Depurar Terminales erramientas Ver Ayuds S Barro de mena
DesB8%=20 ETI®C : B Fe €

O Sintitulo2.py* Barra de herramientas

Explorador de
variables

Explorador de vanables Archivos Ayuda

Editor de cédigo o BN .

Consola o terminal

Terminal de iPython Historia
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Grafico 2:Resultados con datos originales 20% y 30% de test
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Grafico 3: Resultados con Oversampling y Undersampling
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Resultados de los modelos empleados

Grafico 4:Resultados con Oversampling 3 y Undersampling 3 (30 % Random_state 1000)
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Resultados de los modelos empleados

Grafico 5:Resultados con Oversampling 4 y Undersampling 4( 30 % Random_state 100)
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Grafico 6:Resultados con Oversampling5 y Undersampling5 (30 % Random_state 10)
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2] Métricas calculadas

VP
PRECISION:
VP + FP
RECALL: vP
VP + FN
F1: 2 VP

2VP +FP+ FN
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T coneREso Metricas de rendimiento

Tabla 4: Modelos y métricas de desempefio

Modelo Precision Recall F1

0.98 0.95 0.97
Regresion logistica

0.98 0.98 0.98
Arbol de decision

1.0 0.98 0.99
Random forest

fOw
20
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Grafico 8: Modelos y métricas de desempefo
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Fue el algoritmo gue menor rendimiento mostro segun los resultados obtenidos con el 20 y 30 % de
test.

Arbol de decisién (DT):
Se obftuvo el 98% de clasificacion correcta con su uso segun las métricas empleadas. El

comportamiento 6ptimo del modelo fue con el 30% de ftest y un entfrenamiento 70% de los datos
originales.

Random forest (RF):

Dio los mejores resultados segun las métricas empleadas

Precision: tuvo una precision perfecta.

Recall: tasa de verdaderos positivos (28%). La capacidad del algoritmo para detectar el riesgo.

F1: Compara (rendimiento combinado) la precision respecto al recall, en el modelo de RF fue de 0.99
2*(Precision*Recall)/(Precision+Recall)
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Las predicciones realizadas con los datos historicos generan utilidad diagndstica en el
sector de la salud, siendo alineados con normas legales y confidenciales, que se
logran empleando informacion individual del paciente, sin embargo, su uso requiere

mantener criterios asociados con los principios bdsicos de la bioética y manejo
confidencial de los datos.

Los ejercicios académicos se pueden llevar a lo practico: ARL y se lleva una vigilancia
real de la exposicion con el uso del dato

www.congresocnb.com ,O | @congreso.cnb
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ML presenta ventajas importantes en términos de rendimiento predictivo y de identificacion
de patfrones no descubiertos en pacientes con diagndsticos especificos, entonces, se
recomienda conocer la estructura del dato...

A pesar de esta popularidad, y de encontrar técnicas adecuadas muchos clinicos e
investigadores aun no estan familiarizados con la evaluacion e interpretacion de los andlisis
de ML obteniendo los inputs y resulfados de los mismos procesos clinicos

El uso de historicos de mediciones de laboratorio hechas a pacientes es un buen inicio para
normalizar los datos, ya sea como custodia y/o como manejo predictor de riesgos aun mas
Cercano

@congreso.cnb
www.congresocnb.com )
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